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Abstract

Background: The relationship between assisted reproductive technology (ART) and childhood cancer risk has been widely
debated. Previous meta-analyses did not adequately account for the impact of infertility, and this study addresses this gap.

Objective: Our primary objective was to assess the relative risk (RR) of childhood cancer in infertile populations using ART
versus non-ART offspring, with a secondary focus on comparing frozen embryo transfer (FET) and fresh embryo transfer
(fresh-ET).

Methods: A literature review was conducted through PubMed, Embase, Cochrane, and Web of Science, with a cutoff date of
July 10, 2024. The study was registered with the International Platform of Registered Systematic Review and Meta-Analysis
Protocols (INPLASY 202470119). Inclusion criteria were based on the PICOS (Population, Intervention, Comparison, Outcomes,
and Study Design) framework: infertile or subfertile couples (population), ART interventions (in vitro fertilization [IVF],
intracytoplasmic sperm injection [ICSI], FET, and fresh-ET), non-ART comparison, and childhood cancer risk outcomes. Data
abstraction focused on the primary exposures (ART vs non-ART and FET vs fresh-ET) and outcomes (childhood cancer risk).
The risk of bias was assessed using the Newcastle-Ottawa Quality Assessment Scale, and the evidence quality was evaluated
with the Grading of Recommendations Assessment, Development, and Evaluation (GRADE). Pooled estimates and 95% CIs
were calculated using random effects models.

Results: A total of 18 studies were included, published between 2000 and 2024, consisting of 14 (78%) cohort studies and 4
(22%) case-control studies, all of which were of moderate to high quality. The cohort studies had follow-up periods ranging from
3 to 18 years. Compared with non-ART conception, ART conception was not significantly associated with an increased risk of
childhood overall cancer (RR 0.95, 95% CI 0.71‐1.27; GRADE quality: low to moderate). Subgroup analyses of IVF (RR 0.86,
95% CI 0.59‐1.25), ICSI (RR 0.76, 95% CI 0.26‐2.2), FET (RR 0.98, 95% CI 0.54‐1.76), and fresh-ET (RR 0.75, 95% CI
0.49‐1.15) showed similar findings. No significant differences were found for specific childhood cancers, including leukemia
(RR 0.99, 95% CI 0.79‐1.24), lymphoma (RR 1.22, 95% CI 0.64‐2.34), brain cancer (RR 1.22, 95% CI 0.73‐2.05), embryonal
tumors (RR 1, 95% CI 0.63‐1.58), retinoblastoma (RR 1.3, 95% CI 0.73‐2.31), and neuroblastoma (RR 1.02, 95% CI 0.48‐2.16).
Additionally, no significant difference was observed in a head-to-head comparison of FET versus fresh-ET (RR 0.99, 95% CI
0.86‐1.14; GRADE quality: moderate).

Conclusions: In conclusion, this study found no significant difference in the risk of childhood cancer between offspring conceived
through ART and those conceived through non-ART treatments (such as fertility drugs or intrauterine insemination) in infertile
populations. While infertility treatments may elevate baseline risks, our findings suggest that whether individuals with infertility
conceive using ART or non-ART methods, their offspring do not face a significantly higher risk of childhood cancer. Further
research, especially comparing infertile populations who conceive naturally, is needed to better understand potential long-term
health outcomes.

Trial Registration: INPLASY 202470119; https://inplasy.com/?s=202470119

(JMIR Cancer 2025;11:e65820)   doi:10.2196/65820
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Introduction

Over the last century, global fertility rates have significantly
declined, and it is projected that by 2060, fertility will fall below
replacement levels [1,2]. This trend is closely linked to an
increase in infertility, which can be caused by factors such as
ovulation disorders, tubal abnormalities, uterine issues, and
sperm abnormalities [3]. Assisted reproductive technology
(ART) has helped many infertile couples achieve parenthood.
Since ART’s introduction in 1978, over 10 million children
have been born using this technology [4], with approximately
1 million children conceived via ART each year. As ART usage
increases, monitoring the long-term health risks associated with
it, particularly childhood cancer, becomes crucial [5].

The relationship between ART and childhood cancer has been
widely studied, but the results remain controversial due to
inconsistent findings [6,7]. One of the key reasons for this
inconsistency is the use of different reference groups. Few
studies distinguish between children born to parents with
infertility and those born to parents who conceived naturally
[5,8]. It is essential to differentiate the effects of parental
infertility from those of ART treatment, particularly given the
challenge of small sample sizes in many studies. Furthermore,
most studies are conducted within a single health care system
or region, which limits their ability to fully assess cancer risk
in offspring conceived through ART.

Previous reviews and meta-analyses have not adequately
addressed infertility as a factor, possibly due to the limited
availability of relevant studies [9-14]. However, recent large
national cohort studies have compared offspring of parents with
infertility with controls, and follow-up periods have extended
beyond 10 years [15-22]. Given these advances, we conducted
a systematic review and meta-analysis to assess the relative risk
(RR) of childhood cancer in ART versus non-ART offspring
in infertile populations and to compare frozen embryo transfer
(FET) with fresh embryo transfer (fresh-ET). This study
provides new insights into the relationship between ART
modalities and pediatric cancer risk, which could help guide
clinical ART fertility treatments.

Methods

Overview
This study was retrospectively registered with the International
Platform of Registered Systematic Review and Meta-Analysis
Protocols (INPLASY 202470119). The systematic review
followed the PRISMA (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses) guidelines and included all
published articles on ART exposure and childhood cancer risk
in the offspring of parents with infertility [23].

Search Strategy and Inclusion Criteria
We conducted a systematic literature search with a deadline of
July 10, 2024, using PubMed, Embase, Cochrane, and Web of
Science. The electronic search strategy was initially developed
by the author (GS) and subsequently reviewed by the author
with extensive search experience (MQC). We first tested the
search by adapting it for each database and validating it against

previously published meta-analyses on relevant topics to ensure
the comprehensiveness of our approach. The validated search
strategy was implemented simultaneously across each database
on July 10, 2024, using the search terms “ART,” “children,”
“cancer,” and “risk.” The detailed Boolean expressions of the
search strategy are presented in Multimedia Appendix 1.

The inclusion criteria were constructed using the PICOS
(Population, Intervention, Comparison, Outcomes, and Study
Design) framework:

• Population: infertile or subfertile couples.
• Intervention: ART, including in vitro fertilization (IVF),

intracytoplasmic sperm injection (ICSI), FET, and fresh-ET.
• Comparison: non-ART, defined as infertile or subfertile

couples who did not conceive through ART but may have
conceived naturally or with induced ovulation induction
(OI) or intrauterine insemination (IUI).

• Outcomes: risk of childhood cancer, including overall
childhood cancers and specific types such as leukemia,
lymphomas, brain cancer, embryonal tumors,
retinoblastoma, and neuroblastoma.

• Study design: randomized controlled trials and observational
studies (eg, cohort or case-control studies).

Studies lacking sufficient data to calculate RR estimates and
their 95% CIs were excluded. Additionally, conference abstracts,
reviews, non-English articles, duplicate data, and
non–peer-reviewed publications were excluded.

Study Selection
On July 10, 2024, 2 researchers (CQZ and RL) conducted
literature searches, reviewed the results, and imported them into
Endnote X8 (Clarivate Analytics). CQZ was responsible for
deduplication and the initial screening of studies, while RL
reviewed CQZ’s selections. Both researchers then independently
performed further screening based on the predefined inclusion
criteria. Any disagreements were resolved through discussion
between CQZ and RL. If a consensus could not be reached, a
third researcher, GS, was consulted.

Data Extraction
Data extraction was carried out by CQZ using a prespecified
and tested form in Microsoft Excel. RL then reviewed the
extracted data for accuracy. The information extracted included
the first author, year of publication, age at follow-up, study
design, study timeframe, country, data source, duration of
follow-up, type of cancer reported, ART type (IVF, ICSI, FET,
or fresh-ET), and case-control or exposure-nonexposure data.
If any data were missing, the authors were contacted to obtain
the necessary information.

Quality Assessment and Risk of Bias
The Newcastle-Ottawa Quality Assessment Scale (NOS) was
used for the quality assessment of the included studies [24].
Two authors (CQZ and RL) independently conducted the NOS
evaluation, and any disagreements were resolved through
discussions with the corresponding author or GS. Studies were
categorized into low (total score ≥7), moderate (total score
5‐6), and high (total score ≤4) risk of bias.
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Publication bias for the primary outcomes, such as ART versus
non-ART and FET versus fresh-ET, was assessed using funnel
plots and the Egger test. If the points on the funnel plot were
symmetrically distributed, it indicated no or low bias; asymmetry
suggested the presence of publication bias. The Egger test was
performed to quantitatively assess publication bias, with a P<.05
indicating significant bias. Sensitivity analyses were conducted
for the primary outcomes.

Data Analysis and Synthesis
The RR and 95% CIs were chosen to assess the association
between ART and childhood cancer in infertile offspring.
Outcomes were combined using the DerSimonian and Laird
random effects model [25]. All analyses were visualized using
Stata 17 statistical software, and in meta-analyses, P<.05.

Heterogeneity was analyzed using the I2 statistic. A high degree

of heterogeneity was indicated if the I2 value was greater than
50%. Subgroup analyses were conducted based on the following
four criteria: (1) continents, (2) duration of follow-up, (3)
reported cancer type, and (4) operational versus nonoperational.
Subgroup differences were assessed using the Q test, and
statistical significance was defined as a P<.05. Regardless of
the level of heterogeneity, a random-effects model was
consistently applied to ensure the robustness of the analysis
across different study designs and populations. Sensitivity
analyses were performed by excluding each study individually.

Quality of Evidence
GRADE (Grading of Recommendations Assessment,
Development, and Evaluation) is a systematic approach for
evaluating the quality of evidence by assessing 5 domains:
methodological limitations (eg, risk of bias), heterogeneity of
results (eg, inconsistency), generalizability of findings (eg,
indirectness), precision of estimates, and risk of publication
bias [26]. The overall certainty of the evidence is categorized
into 4 levels, ranging from high to very low.

Results

Search Results and Study Characteristics
A total of 2505 articles were obtained from the systematic
search, of which 302 (12.06%) were duplicates. We screened
the titles and abstracts to exclude 2167 (86.51%) articles that
did not meet the eligibility criteria and subsequently removed
them. The full manuscripts of the 36 articles were screened to
exclude 18 (50%) articles that did not meet the eligibility
criteria. These included different papers by the same authors
with duplicate data. Data that did not involve subfertile offspring
were excluded. A total of 18 studies [15-22,27-36] were thus
included in this review. The NOS quality of the included studies
was either moderate or high (Table S1 in Multimedia Appendix
2) [15-22,27-36]. The PRISMA flowchart depicts the article
screening process (Figure 1).
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Figure 1. Flowchart illustrating the article selection process.

Of the 18 included studies, 14 (77%) were cohort studies
[15-22,27-32] and 4 (22%) were case-control studies [33-36].
All cohort studies reported overall cancer occurrence risk, while
the 4 case-control studies focused only on specific types of
cancer, including retinoblastoma, leukemia, and neuroblastoma.
All studies were published in English and covered multiple
countries and regions, including Australia, Israel, Denmark, the
United States, France, Finland, Sweden, the Netherlands,
Taiwan, the United Kingdom, and Norway. The studies were
published across nearly 2 decades, with the earliest study
published in 2000 [27] and the most recent study published in

2024 [16]. Most cohort studies had follow-up durations ranging
from 3 to 18 years, with the shortest follow-up period being 3
years [30] and the longest extending to 18 years [17].

Of the 18 studies, 10 (56%) [15-20,33-36] compared ART with
non-ART and 11 (61%) [16,17,20-22,27-32] compared FET
with fresh-ET. Of the 10 studies comparing ART with non-ART,
6 (60%) were cohort studies [15-20] involving 480,852 ART
patients and 716,144 non-ART patients. Four (4/10, 40%)
[33-36] were case-control studies involving 563 ART patients
and 1521 non-ART patients. Of the 18 studies, 11 (61%)
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comparative studies of FET versus fresh-ET were cohort studies
involving 176,800 FET patients and 723,327 fresh-ET patients.

Comparison of Childhood Overall Cancer Risk by
ART Conception and Non-ART Conception
Of the 18 studies, 6 (33%) studies have compared the risk of
childhood overall cancer in offspring of ART versus non-ART
conceptions (Table S2 in Multimedia Appendix 2) [15-20]. The
results showed that there was no significant increase in the risk
of childhood overall cancer in ART-conceived offspring
compared with non-ART conception (RR 0.95, 95% CI

0.71‐1.27; I2=82%) (Figure 2). A high degree of heterogeneity
was observed. We performed subgroup analyses based on

continent, follow-up duration, reported cancer types, and
whether artificial insemination procedures were involved. No
significant differences were observed within the subgroups
(Table 1). However, when the non-ART control group was
defined as nonoperational (ie, using only OI or fertility drugs),
the RR for childhood overall cancer in the ART group was 1.23
(95% CI 0.98‐1.54). Based on the GRADE evidence quality
assessment, the quality of the comparison between ART and
non-ART was rated as “low to moderate” due to serious risk of
bias and inconsistency (Table S3 in Multimedia Appendix 2).
The Egger test did not detect significant publication bias
(P=.66), and the adjusted RR was 0.812 (95% CI 0.549‐1.074),
indicating robust results (Figure S1 in Multimedia Appendix
3).

Figure 2. Comparison of childhood overall cancer risk by ART conception and non-ART conception [15-20]. ART: assisted reproductive technology;
RR: relative risk.
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Table . Comparison of childhood overall cancer risk by ARTa conception and non-ART conception by subgroup analysis.

P Between

groups

P HeterogeneityI2 (%)RRb (95% CI)Non-ART, nART, nStudies, n

—c<.001820.95 (0.71‐
1.27)

716,144480,8526Overall

.73Continents

—.7601.09 (0.84‐
1.43)

468,03049,7552Asian

—<.00191.830.88 (0.54‐
1.43)

235,663287,7683Europe

———0.98 (0.62‐
1.57)

12,451143,1141North Ameri-
ca

.69Duration of follow-up (years)

—.7301.02 (0.84‐
1.22)

538,866390,6113≤10

—<.00191.610.89 (0.49‐
1.62)

177,27890,2413>10

.84Reported cancers type

———1.01 (0.57‐
1.79)

172126031Neoplasm

—<.00185.50.94 (0.68‐
1.31)

714,423478,2495Overall cancer

.10Operational versus nonoperationald

—.4701.23 (0.98‐
1.54)

139,17638,7112Non-ART
(nonopera-
tional)

—<.00182.080.87 (0.61‐
1.22)

575,992441,3874Non-ART (op-
erational)

aART: assisted reproductive technology.
bRR: relative risk.
cNot applicable.
dWe set non-ARTs that only use fertility drugs or ovulation induction as a nonoperational factor, and those that involve artificial insemination or
intrauterine insemination operations as an operational factor.

In addition, we compared IVF, ICSI, FET, and fresh-ET
conceptions with non-ART conceptions separately. The results
showed no significant differences between either (P≥.05). The
corresponding RRs were for IVF (RR 0.86, 95% CI 0.59‐1.25;

I2=70.18%), ICSI (RR 0.76, 95% CI 0.26‐2.2; I2=94.61%),

FET (RR 0.98, 95% CI 0.54‐1.76; I2=83.18%), and fresh-ET

(RR 0.75, 95% CI 0.49‐1.15; I2=81.85%) (Figures S1-S4 in
Multimedia Appendix 4) [15-18,20].

Comparison of Childhood Overall Cancer Risk by
FET Conception and Fresh-ET Conception
Of the 18 studies, 11 (61%) cohort studies compared the risk
of childhood overall cancer in FET versus fresh-ET conceived

offspring (Table S4 in Multimedia Appendix 2)
[16,17,20-22,27-32]. The results showed no significant increase
in the risk of childhood overall cancer for FET-conceived
offspring compared to fresh-ET (RR 0.99, 95% CI 0.86‐1.14;

Figure 3). The interstudy heterogeneity was low (I2=24.45%).
Subgroup analyses by continent, follow-up duration, and cancer
type revealed no significant differences (Table 2). Funnel plots
and the Egger test indicated no publication bias (t=0.53, P=.61;
adjusted RR 0.98, 95% CI 0.856‐1.125; Figure S2 in
Multimedia Appendix 3). Based on the GRADE assessment,
the quality of the comparison between FET and fresh-ET was
rated as “moderate” due to a serious risk of bias (Table S3 in
Multimedia Appendix 2).
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Figure 3. Comparison of childhood overall cancer risk by FET conception and fresh-ET conception [16,17,20-22,27-32]. FET: frozen embryo transfer;
fresh-ET: fresh embryo transfer; RR: relative risk.

Table . Comparison of childhood overall cancer risk by FETa conception and fresh-ETb conception by subgroup analysis.

P Between groupsP HeterogeneityI2 (%)RRc (95% CI)Studies, n

—d.2124.450.99 (0.86‐1.14)11Overall

.21Continents

———0.56 (0.13‐2.42)1Asian

—.0943.581.02 (0.84‐1.23)8Europe

———0.92 (0.7‐1.22)1North America

———0.87 (0.09‐8.36)1Oceania

.37Duration of follow-up (years)

—.4700.92 (0.79‐1.08)8≤10

—.0664.271.13 (0.75‐1.72)3>10

.94Reported cancers type

—.4400.99 (0.87‐1.14)2Neoplasm

—.1336.271 (0.82‐1.23)9Overall cancer

aFET: frozen embryo transfer.
bfresh-ET: fresh embryo transfer.
cRR: relative risk.
dNot applicable.

Comparison of Childhood-Specific Cancer Risk by
ART Conception and Non-ART Conception
In total, 10 studies compared the risk of childhood-specific
cancer in the offspring of ART versus non-ART conceptions
(Tables S5 and S6 in Multimedia Appendix 2) [15-20,33-36].

The main studies included 6 cohort studies and 4 case-control
studies. The results showed that none of the ART-conceived
offspring had a significantly increased risk of childhood-specific
cancer compared to non-ART conception (P≥.05). The main
ones included leukemia (RR 0.99, 95% CI 0.79‐1.24;
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I2=12.79%), lymphoma (RR 1.22, 95% CI 0.64‐2.34;

I2=54.76%), brain cancer (RR 1.22, 95% CI 0.73‐2.05;

I2=45.79%), embryonal tumors (RR 1, 95% CI 0.63‐1.58;

I2=0%), retinoblastoma (RR 1.3, 95% CI 0.73‐2.31; I2=0%),

and neuroblastoma (RR 1.02, 95% CI 0.48‐2.16; I2=0%)
(Figure 4).

Figure 4. Comparison of childhood-specific cancer risk by ART conception and non-ART conception. ART: assisted reproductive technology; RR:
relative risk.

Sensitivity Analysis
To explore the stability of the meta-analysis results, sensitivity
analyses were performed by excluding each study individually.
The results demonstrated the robustness of findings for both
ART versus non-ART conception and FET versus fresh-ET
conception regarding childhood cancer risk. The results
remained consistent even after excluding the study by Spaan et
al [17] (RR 1.1, 95% CI 0.95‐1.26; Figure S3 in Multimedia
Appendix 3) [15-22,27-32].

Discussion

Principal Findings
This study, to our knowledge, is the first systematic review and
meta-analysis to use infertile or subfertile populations as the
reference group. We found no significant increase in childhood
overall cancer risk in ART-conceived offspring compared to
non-ART. This result was consistent across different ART
methods, including IVF, ICSI, FET, and fresh-ET. Furthermore,

no significant differences were observed between FET and
fresh-ET in terms of childhood cancer risk. Despite the
heterogeneity of the studies included, the results were robust
across sensitivity analyses, supporting the stability and reliability
of our findings.

Comparison to Prior Work
To date, 6 meta-analyses have examined the association between
ART fertility treatments and childhood cancer risk. The
meta-analyses by Wang et al [12], Chiavarini et al [14], and
Hargreave et al [10] found a significant correlation between
ART and childhood cancer risk, while those by Raimondi et al
[9], Gilboa et al [11], and Zhang et al [13] did not support such
an association. Recent large-scale cohort studies have yet to
reach a consensus on this issue. Some studies report a significant
association between ART conception and increased childhood
cancer risk [19,21,30,37,38]. For instance, a large Nordic study
by Sargisian et al [21], which included data from Denmark,
Norway, Sweden, and Finland, found a significantly increased
risk of childhood cancer in ART-conceived offspring compared
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to naturally conceived offspring (RR 1.13, 95% CI 1.01‐1.26).
However, other studies have not observed this association
[16,17,20]. The inconsistencies in these findings may be due to
differences in control group selection, sample size, and
follow-up duration [5,6,8,39].

Recent evidence suggests that epigenetic changes may play a
key role in causing infertility, rather than being simply a result
of fertility treatments [40,41]. Couples experiencing infertility
may already have a higher risk of epigenetic defects in their
gametes, which fertility treatments have only helped to reveal
[42]. The present meta-analysis provided new insights, and we
selected an appropriate control group to eliminate the effects
of infertile or subfertile. We included 6 large cohort studies
involving 480,852 ART conceptions and 716,144 non-ART
conceptions. In our analysis of the non-ART control group, we
performed subgroup analysis by categorizing it into operational
(IUI or artificial insemination) and nonoperational (OI or fertility
drugs) groups. When the non-ART control group was defined
as nonoperational, the RR for childhood overall cancer in the
ART group increased to 1.23 (95% CI 0.98‐1.54), approaching
the statistical significance threshold. The review by Berntsen
et al [5] suggested that a scientific control group should consist
of children of low-fertility parents who conceived naturally.
However, obtaining such controls is challenging because they
are rarely included in registry data. Additionally, it was noted
that children born through fertility measures, such as ovarian
stimulation or IUI, could also serve as suitable controls. Due to
limitations in current published studies, we focused on studies
with the latter control group approach. Future research should
aim to include offspring born to low-fertility parents who
conceived naturally to better understand the long-term effects
of both infertility and fertility treatments.

ICSI has become increasingly common worldwide, with
approximately one-third of fresh ART cycles using conventional
IVF and two-thirds using ICSI [43,44]. Despite the invasive
nature of ICSI and ongoing concerns about the health of children
born through this method, our meta-analysis, which included 2
eligible studies, showed that the risk of childhood overall cancer
in ICSI-conceived offspring was not significantly higher
compared to non-ART offspring (RR 0.76, 95% CI 0.26‐2.2;

I2=94.61%). However, there was considerable heterogeneity
between the studies, and further research is needed to confirm
the long-term safety of ICSI regarding childhood cancer risk.

FET accounts for 32.6% of all ART treatment cycles in Europe,
showing a clear increasing trend [45]. Large cohort studies and
meta-analyses have provided short-term health data on FET,
such as perinatal outcomes [46-50]. Compared to singletons
born after fresh-ET, infants born after FET generally have higher
birth weights and a higher risk of LGA (large for gestational
age) in suprapregnant children but lower perinatal mortality.
Singletons born after FET are at an increased risk of LGA and
preterm labor compared to naturally conceived offspring [50].
However, data on the long-term health of FET offspring are
limited. Studies comparing FET with naturally conceived
offspring suggest an increased cancer risk in FET-conceived
children [20,21].

In our meta-analysis, which included 4 large cohort studies with
infertile populations as the comparison group, we found no
significant increase in childhood overall cancer risk in
FET-conceived offspring compared to non-ART offspring (RR

0.98, 95% CI 0.54‐1.76; I2=83.18%). Given the high
heterogeneity, these results should be interpreted with caution.
Additionally, to our knowledge, no meta-analyses have
compared childhood cancer risk between FET and fresh-ET
conceived offspring. Our analysis, which included 11 cohort
studies with 176,800 FET-conceived and 723,327
fresh-ET-conceived individuals, found no significant difference
in cancer risk between the 2 groups (RR 0.99, 95% CI

0.86‐1.14), with low heterogeneity (I2=24.45%). No significant
bias was found, and sensitivity analyses confirmed the stability
of the results.

Several studies have explored the association between ART
conception and specific childhood cancers, including leukemia
[16,51], lymphoma [52], hepatoblastoma [31,53], retinoblastoma
[54], and central nervous system tumors [15]. A 2013
meta-analysis by Hargreave et al [10] reported an increased risk
of cancers such as leukemia (RR 1.65), neuroblastoma (RR
4.04), and retinoblastoma (RR 1.62). A 2019 meta-analysis by
Chiavarini et al [14] found that ART significantly increased the
risk of hematological neoplasms (odds ratio [OR] 1.3, 95% CI
1.08‐1.58) and neurological cancers (OR 1.21, 95% CI
1.01‐1.46). Furthermore, a 2020 study by Zhang et al [13]
showed a significantly increased risk of hematologic cancers
(RR 1.39), other solid tumors (RR 1.57), and leukemia (RR
1.31). Leukemia is one of the most common childhood cancers
and a leading cause of death in children, followed closely by
lymphoma and central nervous system tumors [55]. Although
several studies have suggested that ART is associated with an
increased risk of childhood leukemia, most compared ART
offspring with those conceived naturally [16,19,20,30,56]. In
contrast, our analysis included 8 studies on leukemia, 3 of which
had follow-up durations of more than 10 years, and 2 were
case-control studies. The results showed no significant increase
in leukemia risk in ART offspring compared to non-ART

offspring (RR 0.99, 95% CI 0.79‐1.24; I2=12.79%). When
cohort studies were analyzed separately, the results remained

unchanged (RR 1.1, 95% CI 0.87‐1.4; I2=4.05%). Additionally,
no significant differences were found in further analyses of
other specific childhood cancers, including lymphoma (RR 1.22,
95% CI 0.64‐2.34), brain cancer (RR 1.22, 95% CI
0.73‐2.05), embryonal tumors (RR 1, 95% CI 0.63‐1.58),
retinoblastoma (RR 1.3, 95% CI 0.73‐2.31), and neuroblastoma
(RR 1.02, 95% CI 0.48‐2.16).

Strengths and Limitations

Strengths
One strength of this study is the use of a more appropriate
control group, that is, infertile or subfertile populations, which
enhances the reliability of the comparisons and helps address
the risk of epigenetic defects associated with infertility.
Additionally, our estimates were not significantly affected by
recall bias, which is common in case-control studies [57].
Parents of children with cancer may be more likely to recall
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past events, potentially overestimating cancer risk. We combined
4 eligible case-control studies, mainly focusing on specific
cancer types, and performed subgroup analyses, showing no
significant differences across subgroups. Furthermore, large
cohort studies with long-term and comprehensive data were
recently included, reducing the risks of selection, attrition, and
recall bias, while providing more opportunities to observe rare
cancer exposures, thus enhancing the credibility of the findings.

Limitations
First, the sample size of infertile or subfertile populations was
small. Despite a comprehensive search, the limited number of
studies, especially on ICSI and FET offspring, may reduce
confidence in the findings. Larger sample sizes are needed in
future research for greater statistical power. Second, this
meta-analysis did not classify the non-ART control group
further. The lack of distinction between naturally conceived
offspring from low-fertility parents and those conceived through
ovarian stimulation or IUI may introduce confounding, affecting
the cancer risk baseline. Future studies should differentiate these
groups to better assess ART’s impact on childhood cancer risk.
Third, while some studies reported male infertility,

gender-specific analyses were not performed, preventing
separate calculations for male and female infertility. Future
studies should address this to explore gender-specific effects
on offspring health after ART. Fourth, the included studies used
raw data without adjusting for factors like age, gender, birth
order, socioeconomic status, and history of abortion. This lack
of adjustment may affect result interpretation. Future studies
should include adjusted data for more accurate conclusions.

Conclusions
This study found no significant difference in the risk of
childhood cancer between offspring conceived through ART
and those conceived through non-ART treatments (such as
fertility drugs or OI/IUI) in infertile populations. While
infertility treatments may elevate baseline risks, our findings
suggest that whether individuals with infertility conceive using
ART or non-ART methods, their offspring do not face a
significantly higher risk of childhood cancer. Further research,
especially comparing infertile populations who conceive
naturally, is needed to better understand potential long-term
health outcomes.
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Abstract

Background: Natural language processing systems for data extraction from unstructured clinical text require expert-driven
input for labeled annotations and model training. The natural language processing competency of large language models (LLM)
can enable automated data extraction of important patient characteristics from electronic health records, which is useful for
accelerating cancer clinical research and informing oncology care.

Objective: This scoping review aims to map the current landscape, including definitions, frameworks, and future directions of
LLMs applied to data extraction from clinical text in oncology.

Methods: We queried Ovid MEDLINE for primary, peer-reviewed research studies published since 2000 on June 2, 2024, using
oncology- and LLM-related keywords. This scoping review included studies that evaluated the performance of an LLM applied
to data extraction from clinical text in oncology contexts. Study attributes and main outcomes were extracted to outline key trends
of research in LLM-based data extraction.

Results: The literature search yielded 24 studies for inclusion. The majority of studies assessed original and fine-tuned variants
of the BERT LLM (n=18, 75%) followed by the Chat-GPT conversational LLM (n=6, 25%). LLMs for data extraction were
commonly applied in pan-cancer clinical settings (n=11, 46%), followed by breast (n=4, 17%), and lung (n=4, 17%) cancer
contexts, and were evaluated using multi-institution datasets (n=18, 75%). Comparing the studies published in 2022‐2024 versus
2019‐2021, both the total number of studies (18 vs 6) and the proportion of studies using prompt engineering increased (5/18,
28% vs 0/6, 0%), while the proportion using fine-tuning decreased (8/18, 44.4% vs 6/6, 100%). Advantages of LLMs included
positive data extraction performance and reduced manual workload.

Conclusions: LLMs applied to data extraction in oncology can serve as useful automated tools to reduce the administrative
burden of reviewing patient health records and increase time for patient-facing care. Recent advances in prompt-engineering and
fine-tuning methods, and multimodal data extraction present promising directions for future research. Further studies are needed
to evaluate the performance of LLM-enabled data extraction in clinical domains beyond the training dataset and to assess the
scope and integration of LLMs into real-world clinical environments.

(JMIR Cancer 2025;11:e65984)   doi:10.2196/65984

KEYWORDS

artificial intelligence; chatbot; data extraction; AI; conversational agent; health information; oncology; scoping review; natural
language processing; NLP; large language model; LLM; digital health; health technology; electronic health record

Introduction

The advent of electronic health records (EHR) has allowed
clinicians to leverage their access to vast amounts of
longitudinal, patient-level clinical text data that inform patient
diagnoses, prognoses, and management [1]. However, the
majority of useful clinical data are stored as unstructured free
text that requires manual extraction into meaningful clinical
features; therefore, clinicians spend more time on administrative

work reviewing EHRs instead of practising patient-facing
medicine [1]. To address this task of extracting key attributes
from unstructured clinical text, natural language processing
(NLP) methods have classically applied rule-based and
machine-learning methods to identify important entities in text
and categorize them based on categories of interest [2]. For
instance, the extraction of cancer staging information from
clinical text requires an NLP algorithm to recognize references
to cancer staging in clinical texts and categorize these references
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according to defined cancer staging nomenclature, such as the
TNM classification of malignant tumors system.

Rule-based classification relies on domain expert-designed
rules, heuristics, ontologies, and pattern-matching techniques
to extract information from text. In contrast, machine
learning-based approaches use statistical models trained on
large-scale labeled text data to automatically learn patterns and
generalize these learned competencies in data extraction to
unlabeled testing data. The emergence of deep learning models,
a subfield of machine learning that focuses on artificial neural
network models with multiple processing layers, has been
particularly effective at modeling the hierarchical structure of
natural language and demonstrated superior performance across
diverse NLP tasks, including but not limited to data extraction
[3].

One particularly promising deep learning architecture, known
as the transformer model, has gained worldwide attention for
its generative language competency and strong performance in
question answering, sentence completion, and sentence
classification tasks compared to other deep learning models [4].
Deep learning–based transformer models may require less time
and fewer resources needed to manually annotate training
datasets compared to classical machine learning models and
can better address nuanced edge cases in data extraction that
may not be explicitly accounted for in rule-based data
approaches [5,6]. However, these models are often limited by
their need for large-scale computational resources and training
data [7,8].

Modern LLMs are commonly built using adaptations of the
transformer architecture and trained on large corpora of text to
enable human-like natural language competency. Due to their
extensive training dataset, LLMs such as BERT and GPT may
have zero-shot capabilities, meaning they can perform tasks
without prior task-specific training [9]. Emerging research on
fine-tuning LLMs with custom datasets and prompt engineering
for conversational LLMs has yielded promising performance
improvements for specialized NLP tasks compared to baseline
LLMs.

Given the longitudinal nature of cancer care, the vast amount
of clinical text associated with cancer patient EHRs necessitates
the development of automated methods for data extraction from
these clinical records into structured data, which is useful for
review by oncologists. The broad natural language competency
of LLMs encourages the design of specialized LLM applications
for data extraction from unstructured clinical text, reducing the
oncologists’ time and effort spent in manually reviewing patient
EHRs to extract key information to inform their clinical
decision-making.

The emergence of several recent pilot studies of LLM-enabled
data extraction prompts the need for a scoping review to map
the current landscape, including definitions, frameworks, and
future directions for this novel tool in clinical data extraction.
This review seeks to address this gap in the literature by
characterizing primary research articles that evaluated an LLM
tool applied to data extraction from unstructured clinical text
into structured data.

Methods

We queried OVID Medline on June 2, 2024, using oncology
(“neoplasms,” “cancer,” “onco,” “tumor”) and generative LLM
(“natural language processing,” “artificial intelligence,”
“generative,” “large language model”) keywords in consultation
with a librarian. Non-English articles, nonprimary research
articles, articles published before 2000, and articles published
in nonpeer-reviewed settings were excluded. The full search
strategy is detailed in Multimedia Appendix 1. Following the
deduplication of articles (n=10) using the Covidence review
management tool, the literature search yielded 817 articles for
manual screening.

We conducted abstract screening followed by full-text screening
of articles in duplicate (KA and SA), including primary research
articles that tested a large language model, were applied in
oncology contexts, and evaluated the performance of data
extraction from text. The articles that evaluated an NLP-based
algorithm that did not assess an LLM, were secondary research
articles, applied in only nononcology settings, and did not
evaluate or report the performance of data extraction from the
clinical text were excluded. Screening conflicts were resolved
through consensus discussion with a third reviewer (DC).

We extracted key study attributes from the included full-text
papers in duplicate (KA and SA), including clinical domain,
LLM attributes (eg, model, use of fine-tuning, use of prompt
engineering), the dataset used for training and testing, primary
study outcomes, model training methodology, and model
evaluation processes. The LLMs were coded as baseline if they
were applied “out of the box” without additional fine-tuning.
LLMs were coded as (1) fine-tuned LLMs: the study described
training the baseline LLM on a custom dataset intended to yield
improved data extraction performance compared to the baseline
LLM alone; (2) zero-shot LLMs: they were applied
“out-of-the-box” without additional prompt engineering, (3)
prompt engineered LLMs: the study described adaptations to
prompting procedures, such as one-shot or few-shot prompting,
designed to yield improved data extraction performance
compared to the baseline LLM alone. Data extraction conflicts
were resolved through consensus discussion with a third
reviewer (DC).

The synthesis of extracted data involved grouping studies based
on similarities in the evaluated specific model, clinical domain
applied, and shared themes of strengths and limitations, based
on outcomes reported by the studies. The appraisal process
involved the completion of a standardized data extraction form
to systematically code in duplicate (KA and SA) which articles
commented on which themes of strengths and limitations, and
the discrepancies were resolved through discussion (DC and
SR). The risk of bias was assessed using ROBINS-I (Version
2) in duplicate (KA and SA), with conflicts resolved through
consensus discussion with a third reviewer (DC). Cohen κ score
was used to assess inter-rater concordance. This scoping review
followed the PRISMA-ScR reporting guideline.
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Results

The literature search yielded 817 papers, of which 24 papers
met the inclusion criteria (Figure 1). Most included papers
exhibited moderate (n=15, 62.5%) risk or low (n=9, 37.5%) risk

of bias (Figure 2). The most common domains for moderate
risk of bias included bias due to confounding (n=21, 87.5%)
and bias in the selection of the reported result (n=21, 87.5%).
No papers scored a high risk of bias in any domain. ROBINS-I
risk of bias assessment exhibited moderate inter-rater
concordance based on an κ score of 0.43.

Figure 1. Search and filtering strategy used to select large language model studies evaluating data extraction performance for inclusion in this review.
LLM: large language model.
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Figure 2. Risk of bias assessment using the ROBINS-I tool displayed as a traffic light plot for each included study
[1,3,5,6,7,8-12,13,14-16,17,18,19,20-26].

Characteristics of the studies included in the study and published
between 2019‐2024 are shown in Table 1. The most common
LLMs reported in these studies included BERT and its variants,

as well as ChatGPT. Additional details related to methodology
are reported in Multimedia Appendix 2.
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Table . Characteristics of studies included in the review.

LLM main outcomesZero-shot or prompt -
engineered LLM

Baseline or fine-tuned

LLMa
Baseline modelClinical domainStudy ID

F-scores: BETA:
0.9371; Multilingual

Zero-shotFine-tunedBERT; RoBERTaBreastSolarte-Pabon
2023[10]

BERT: 0.9463;
RoBERTa Biomedical:
0.9501; RoBERTa
BNE: 0.9454

Accuracy: 87.7%Prompt-engineeredBaselineChatGPT-3.5BreastChoi 2023 [11]

F1-score: 0.866 and
0.904 for exact and

Zero-shotFine-tunedBERTBreastZhou 2022 [3]

permissive matches re-
spectively

NER:b 93.53%; Rela-
tion extraction: 96.73%

Zero-shotFine-tunedBERTBreastZhang 2019 [1]

(best model, BERT+
Bi-LSTM-CRF)

Bi-LSTM-CRF:c Preci-
sion: 0.9844; F1-

Zero-shotFine-tunedBi-LSTM with a CRF
layer; BioBERT

ColorectalSeong 2023 [5]

score:0.9848; Pre
trained word embed-
ding performed better
than the one hot encod-
ing pre-processing

AUROC:d 0.86;

AUPRC:e 0.87; F1:
0.77; Accuracy: 0.81

Zero-shotBaselineRoBERTaGynecologyLaios 2023 [12]

APHEf: 98.40%;

PDPHg: 90.67%

Zero-shotFine-tunedBERTLiverLiu 2021 [13]

Overall accuracy:
GPT-4: 98.6%; GPT-
3.5: 84%

Metastatic ID accura-
cy: GPT-4: 98.1%;
GPT-3.5: 90.3%

Oncologic progression
accuracy: GPT-4 F1:
0.96; GPT-3.5: 0.91

Oncologic reasoning
correctness: GPT-4:
4.3; GPT-3.5: 3.9

accuracy: GPT-4: 4.4;
GPT-3.5: 3.3

Prompt-engineeredBaselineChatGPT-3.5; ChatG-
PT-4.0

LungFink 2023 [14]

Macro F1-score: Task
1:0.92; Task 2: 0.82;
Task 3: 0.74

Zero-shotFine-tunedBERTLungChen 2023 [15]

Translate: 4.27/5; Pro-
vided specific sugges-

Zero-shotBaselineChatGPT-4.0LungLyu 2023 [16]

tions based on findings
in 37% of all cases

BERT Lenient: 0.8999

BERT Strict: 0.8791

Zero-shotFine-tunedBERT; RoBERTaLungYu 2021 [7]
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LLM main outcomesZero-shot or prompt -
engineered LLM

Baseline or fine-tuned

LLMa
Baseline modelClinical domainStudy ID

HGG: Precision: 79.17;
Sensitivity: 76;
F1:77.55; Metastasis:
Precision: 73.91; Sensi-
tivity: 77.27; F1:
75.56; AUC: 76.64

Zero-ShotFine-tunedBERTNeurologyMartin-Noguerol 2024
[17]

Strict F1-score:
91.27%; Relaxed F1-
score: 95.57%

Zero-shotFine-tunedBERT-BiLSTM-CRFEndocrineFang 2022_1 [18]

Accuracy 0.89; F1
0.88; Kappa 0.80; Re-
call 0.89; Precision
0.89, Coverage 0.95

Prompt-engineeredBaselineChatGPT-3.5Pan-cancerHuang 2024 [19]

Predict imaging scan
site: Precision:99.4%;
Recall:99.4%; F1-
score: 99.3%; AU-
ROC:99.4%; Accura-
cy:99.9%; Predict can-
cer presence: Preci-
sion:88.8%; Re-
call:89.2%; F1:88.8%;
AUROC:97.6%; Accu-
racy:93.4%; Predict
cancer status: Preci-
sion:85.6%; Re-
call:85.5%; F1-score:
85.5%; AUROC:97%;
Accuracy:93.1%

Zero-shotFine tunedBERTPan-cancerArya 2024 [6]

Experiment 1: Correct
T-stage: 99%; Correct
N-stage: 95; Correct M
stage: 94; Lymph
nodes; 99%

Experiment 3: 100%
accuracy

Zero-shotBaselineChatGPT-4.0Pan-cancerTruhn 2024 [9]

Prompt Base: Accura-
cy: 0.937; Precision:
0.860; Recall: 0.917;
F1-score:0.882; Prior
medical knowledge:
Accuracy: 0.940; Preci-
sion:0.900; Recall:
0.864; F1:0.867; PMK-

ENh: Accuracy: 0.896;
Precision:0.871: Re-
call:0.776; F1: 0.786

Prompt-engineeredBaselineChatGPT-4.0LungHu 2024 [8]

AUC: ClinicalBERT:
0.93; DFCI-Imaging-
BERT: 0.95

F1: ClinicalBERT:
0.72; DFCI-Imaging-
BERT: 0.78

Zero-shotFine-tunedBERTPan-cancerElmarakeby 2023 [20]
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LLM main outcomesZero-shot or prompt -
engineered LLM

Baseline or fine-tuned

LLMa
Baseline modelClinical domainStudy ID

Accuracy: GatorTron:
0.8916; BioMega-
tron:0.8861;
BioBERT:0.8861;
RoBERTa:0.8813;
PubMedGPT:0.8762;
DeBERTa:0.8746;
BioClinicalBERT:
0.8746; BERT: 0.8708

Prompt-engineeredFine-tunedGatorTron; BERT;
PubMedGPT

Pan-cancerTan 2023 [21]

ROC:i 0.94Zero-shotBaselineBERTPan-cancerFang 2022_2 [22]

Group level site accura-
cy: 93.53%; Histology
codes: 97.6%

Zero-shotFine-tunedBERTPan-cancerMitchell 2022 [23]

Symptom domains:
0.931; problems with
cognitive and social at-
tributes on pain interfer-
ence: 0.916; problems
on fatigue: 0.929

Zero-shotFine-tunedBERTPan-cancerLu 2021 [24]

ALBERT was the best-
performing model in
22 out of the 43 fields

Zero-shotFine-tunedALBERT; BART;
ELECTRA; RoBERTa;
XLNet

BreastPercha 2021 [25]

BERT does not outper-
form baseline mod-
els–quantifiable mea-
sures not available

Zero-shotFine-tunedBlueBERTPan-cancerGao 2021 [26]

aLLM: large language model.
bNER: named entity recognition.
cBi-LSTM-CRF: bidirectional-long short term memory-conditional random field.
dAUROC: area under the receiver operating characteristic.
eAUPRC: area under the precision-recall curve.
fAPHE: hyperintense enhancement in the arterial phase.
gPDPH: hypointense in the portal and delayed phases.
hPMK-EN: Prior Medical Knowledge-English Prompt
iROC: receiver operating characteristic.

Most studies evaluated either the original or fine-tuned variants
of the BERT LLM (n=18, 75%) in studies published between
2019‐2024, followed by the Chat-GPT conversational LLM
(n=6, 25%), upon application to data extraction from clinical
texts in oncology, in studies published between 2023‐2024.
The LLMs for data extraction were commonly applied in
pan-cancer clinical settings (n=11, 46%), followed by breast
(n=4, 17%), lung (n=4, 17%), neurological (n=2, 8%), colorectal
(n=1, 4%), gynecological (n=1, 4%), and liver (n=1, 4%) cancer
contexts. The author teams of these studies belonged to
institutions in the United States (n=11, 46%), China (n=4, 17%),
Korea (n=3, 12%), Germany (n=2, 8%), Spain (n=2, 8%), the
United Kingdom (n=1, 4%), and Singapore (n=1, 4%). Most

studies were evaluated on datasets sourced from multiple
institutional centers (n=18, 75%) compared to a single
institutional center (n=6, 25%). Regarding the year of study
publication, we observed a higher number of studies published
between 2022‐2024 (n=18, 75%) compared to 2019‐2021
(n=6, 25%) (Figure 3). Notably, upon a comparison of studies
published between 2022‐2024 with studies between
2019‐2021, the proportion of studies that reported the use of
the fine-tuning method was lower (10/18, 55.6% vs 6/6, 100%)
(Figure 3A), whereas the proportion of studies that reported the
use of prompt engineering was higher (5/18, 28% vs 0/6, 0%)
(Figure 3B).
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Figure 3. Number of studies that evaluated (A) fine-tuning and (B) prompt engineering methodologies to optimize large language model data extraction
performance.

Discussion

Principal Findings
Our scoping review of 24 studies highlights significant research
interest in designing, evaluating, and deploying LLMs for data
extraction from clinical text in oncology. The most commonly
used LLMs for data extraction from clinical text in oncology
include BERT and Chat-GPT, two of the most well-known
LLMs in NLP research. These LLMs were most frequently
applied in pan-cancer clinical contexts, reflecting their
generalized natural language competency, regardless of clinical
domain and context-specific terminologies and nomenclature.
We observed a notable trend toward increasing utilization and
refinement of LLM techniques over time, particularly in the
areas of fine-tuning and prompt engineering. Given the common
application of fine-tuning [26-28] and prompt-engineering
[1,29,30] techniques in the design of deep learning- and
LLM-based models in oncology, respectively, the emergence
of optimized LLMs using these techniques represents a
promising future direction for enhancing their data-processing
capabilities. Despite these advancements, mixed reports of data
extraction performance underscore the imperative for further
assessment of these models across specific topics and use cases
before their deployment as tools in cancer research and clinical
care. Compared to historical statistical NLP and machine
learning-based methods for data extraction in oncology, LLMs
have been broadly evaluated for comparable applications, such
as extracting tumor and cancer characteristics and patient-related
demographic data [31].

The data processing competency of LLMs makes them a useful
tool for automating repetitive, rule-based tasks, such as data
extraction from clinical text on EHRs, to generate medical
evidence about specific patients and patient populations that
can inform patient care and population health guidelines
respectively. Notably, LLMs have already shown competency
in pilot studies of automated data extraction in biology [32],
materials science materials science [33], and pharmacology
[33], suggesting their generalized ability to extract relevant
named entities from the clinical text that may be useful to
synthesize medical knowledge. Across the included studies in
this review, we found that LLMs offer several benefits for data
extraction in clinical oncology, though further benchmarking

against representative datasets and classical machine learning
or statistical NLP approaches is required to determine their
superior performance. In general, LLMs exhibited positive
performance metrics compared to baseline human or statistical
NLP approaches or were deemed feasible and acceptable in
cross-sectional studies. These LLMs harbor the potential to
balance accuracy and efficiency when processing large-scale,
complex, unstructured text datasets found in EHRs [19]. Using
LLM approaches for clinical data extraction as a supportive tool
along with a human reviewer may reduce the potential for errors
associated with human-led manual data extraction alone, thereby
enhancing the reliability of clinical data analyses and
interpretations [34].

Moreover, LLMs may curtail the resources required for data
extraction, which is traditionally a labor- and time-intensive
process [35]. For instance, our review highlighted the
generalized performance of LLM-enabled data extraction across
various text types in oncology, including histological and
pathological classification [9,36], imaging report classification
[8,14], and data extraction from postoperative surgery reports
[5]. By automating the extraction and preliminary analysis of
clinical text data, these models may free up valuable time for
health care professionals, allowing them to focus more on
patient-facing care and synthesis of medical knowledge from
LLM-extracted information rather than the burden of
administrative data management [10,12,37]. This shift not only
improves clinical efficiency and cost-effectiveness but also
reduces the serious risks of burnout among clinical staff by
mitigating some of the repetitive administrative tasks associated
with data handling [11,38].

Additionally, the versatility of LLMs across different clinical
text contexts is notable. Whether dealing with structured data
formats or the myriad forms of unstructured data present in
EHRs, such as physician’s notes and diagnostic reports, the
general human-like natural language competencies of LLMs
enable these “out-of-the-box” solutions to automatically adapt
to and extract relevant information from varied data sources.
This adaptability is crucial in precision oncology, where data
from multiple data formats—such as imaging reports,
next-generation sequencing results, and laboratory results—must
be integrated and analyzed to generate personalized patient
profiles and treatment strategies [39]. Our review highlighted
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that current state-of-the-art evaluations of LLMs for data
extraction in oncology have primarily focused on clinical text
as input. However, we also highlight the recent emergence of
multimodal LLMs capable of processing both image- and
text-based inputs, serving as a new frontier for clinical decision
support [40]. Taken together, future research to optimize data
extraction for specific text formats in oncology—each with their
own nuances—may improve extraction accuracy, enhance
reliability, and produce results that can be trusted by clinicians
and readily inform clinical decision-making [41].

The distribution of studies included in our scoping review
reflects a predominant application of LLMs in pan-cancer
clinical domains, accounting for nearly half of all research
studies. This suggests that researchers leverage the versatility
of LLMs to address broad oncological challenges across multiple
cancer types, likely due to the generalizable nature of these
models for various cancer data [42]. Breast and lung cancer also
constituted a large portion of the studies, which can likely be
attributed to their high prevalence and extensive clinical data
availability, providing a rich dataset for deploying and testing
the efficacy of LLMs [43]. The focus on these specific cancers
indicates a targeted approach, where models are fine-tuned to
address unique data extraction challenges, such as cancer
type-specific nomenclature and lexicons. This underscores the
potential of LLMs to be customized for specialized medical
fields while also highlighting their broad “out-of-the-box” utility
in general oncology. For instance, Gao et al [44] reported that
BlueBERT did not outperform baseline nonLLM models in
pan-cancer contexts, while Fang et al [22] and Mitchell et al
(2022) [23] reported that the data extraction performance of
BERT exceeded 90% accuracy in pan-cancer contexts. The
mixed performance reported by different pilot studies of data
extraction performance within the same clinical domain may
be confounded by study-specific factors, including the
prompting methodology, benchmark dataset, and definitions of
performance metrics. These findings align with similar reports
of mixed performance across different tasks and clinical text
datasets within cancer type-specific domains [45-47],
highlighting the need for systematic benchmarks to assess LLM
data extraction reliability and domain-specific limitations.
Standardizing performance metrics and defining critical
thresholds for acceptable performance of data extraction
accuracy remain open research questions to be addressed.

Our analysis reveals an increasing trend in the use of fine-tuning
and prompt-engineering techniques in studies on LLMs, with
16 (67%) studies incorporating fine-tuning and 5 (21%) using
prompt engineering. This progression suggests a maturation in
the application of LLMs in clinical settings, where research has
transitioned from developing baseline models for simple data
extraction to the optimization of existing models using novel
model adaptations and prompting methodologies tailored to the
intricacies of medical data extraction. Fine-tuning allows models
to adapt to the unique linguistic and contextual challenges
presented by medical texts, potentially improving the accuracy
and relevance of extracted information [29]. In comparison,
prompt engineering enables the creation of more effective
queries that align closely with the specific information needs
of specialty fields such as oncology, steering LLMs toward

more precise data retrieval [48]. For instance, Huang et al [19]
demonstrated that providing LLMs with example outputs for
few-shot learning and chain-of-thought reasoning methods for
prompting yielded higher classification performance compared
to baseline zero-shot applications of LLMs for data extraction.
The careful design of prompting methodologies personalized
to specific tasks and clinical domains within oncology may
yield more accurate and efficient data extraction performance
[49].

Despite the promising applications of LLMs in clinical
oncology, our review also highlights notable disadvantages,
particularly in cases of poor data extraction accuracy and
performance [8,9]. Among the 24 reviewed studies, 9 (38%)
cited accuracy as a limitation of LLMs for data extraction. These
shortcomings underscore the critical need for cautious
integration of LLMs into clinical workflows. The variability in
performance can be attributed to the complex and diverse nature
of clinical data, which may include nuanced medical
terminologies and varied presentation styles across different
documents [50]. These challenges emphasize the necessity for
ongoing refinement and testing of these models under real-world
conditions. Another minor disadvantage is the token limit of
many LLMs, including both BERT and ChatGPT [20,42,44].
This limitation may complicate the extraction process, requiring
models to be adapted to longer texts and resulting in reduced
performance of these models [51]. Future research directions,
as indicated by the reviewed studies, should involve performance
benchmarks against existing statistical and machine
learning–based methods and the extension of LLM tool
validation to external, hold-out cohorts from additional clinical
domains beyond those used in initial training datasets [7,16,24].
This would help ensure that the models are robust and reliable
across various medical specialties and global oncology patient
populations. While LLMs hold significant potential to
revolutionize data management in oncology, their integration
into clinical practice must be approached with careful planning
and systematic evaluation to truly harness their capabilities
without compromising patient care quality and privacy. The
interpretation of both advantages and disadvantages of LLMs
requires individualized consideration of each study, on a
case-by-case basis given the heterogeneity in benchmark
datasets, study designs, and reported outcomes.

Limitations
We acknowledge the limitations inherent in our scoping review.
First, the rapid evolution of LLM technologies means that newer
advancements may not have been fully represented in the
reviewed studies due to the delays in publication cycles, leading
to the omission of recent models. Second, the heterogeneity in
study designs, datasets, and methodologies across included
articles may affect the generalizability of findings in external
contexts not evaluated in the same conditions as the original
studies. Third, the majority of included studies originated from
high-resource settings, primarily the United States, which may
limit the applicability of results to lower-resource or structurally
different health care systems. Fourth, while the risk of
publication bias was not formally evaluated in our review, the
tendency to publish studies with positive results may
overrepresent the strengths of these LLMs without an
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understanding and consideration of their limitations and
nonpublished, negative results. Fifth, more recent journals that
publish artificial intelligence research may not be indexed in
the search databases yet, limiting the completeness of the search
results in this scoping review. Sixth, this scoping review
searched only one literature database, which may have resulted
in the omission of relevant studies from other sources and
limited the comprehensiveness of the findings.

Conclusion
In conclusion, the application of LLMs in oncology represents
a forward leap in the digital transformation of health care data
management. The potential to enhance data extraction processes
and improve clinical decision-making is significant yet tempered
by the current technological and methodological limitations.
Ongoing research and development will be vital in harnessing
the full potential of these models, ultimately leading to their
more widespread adoption in clinical practice.
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Abstract

Background: Digital interventions have been increasingly applied in multidisciplinary care plans to improve medication
adherence to oral systemic anticancer therapy (SACT), the crucial lifesaving treatments for many cancers. However, there is still
a lack of consensus on the efficacy of those digital interventions.

Objectives: This systematic review and meta-analysis aimed to investigate the efficacy of digital interventions in improving
adherence to oral SACTs in patients with cancer.

Methods: This systematic review and meta-analysis followed the PRISMA (Preferred Reporting Items for Systematic Reviews
and Meta-Analyses) statement guidelines. The protocol has been registered at PROSPERO (no. CRD42024550203). Fully
published, randomized controlled trials (RCTs) in English on adults with cancer assessing digital interventions for improving
adherence to oral SACTs were retrieved from MEDLINE, Embase, APA PsycINFO, and CINAHL Plus up to May 31, 2024.
Adherence measures compared between digital intervention users and nonusers were extracted. The proportions of poor adherence
were synthesized using a random-effects model. The pooled results were reported as the odds ratio and 95% CI. The heterogeneity

was assessed with the I2 test (%). The mean difference and 95% CI were calculated from the mean adherence score and SD. A
risk of bias assessment was conducted using version 2 of the Cochrane Risk of Bias Assessment Tool (RoB 2) for RCTs, which
ensured that a quality assessment of all included studies was conducted as recommended by the Cochrane Collaboration.

Results: This study included 13 RCTs on digital interventions for improving adherence to oral SACTs in patients with cancer.
The 13 RCTs, published between 2016 and 2024, were conducted in the United States, South Korea, France, Egypt, Finland,
Australia, Colombia, Singapore, and Turkey. The technologies used were mobile apps (n=4), reminder systems (n=4), telephone
follow-ups (n=3), and interactive multimedia platforms (n=2). Adherence was measured by surveys (n=8), relative dose intensity
(n=2), pill count (n=1), self-reported missed doses (n=1), a smart pill bottle (n=1), and urine aromatase inhibitor metabolite assays
(n=1). Concerns regarding risk of bias primarily involved randomization, missing outcome data, and outcome measurement,
including nonblinded randomization, subjective patient-reported data, and difficulties in distinguishing between missed appointments
and actual medication nonadherence. Pooled results from 11 trials showed that digital technology users had significantly lower
risk of poor adherence (odds ratio 0.60, 95% CI 0.47‐0.77). Two studies reported positive mean differences in adherence scores
comparing digital intervention users and nonusers. However, due to considerable heterogeneity (I²=73.1%), it is difficult to make
a definitive conclusion from the pooled results about the effect of digital interventions upon adherence to oral anticancer therapy.

Conclusions: Digital intervention users exhibited significantly lower risk of poor oral SACTs adherence than nonusers.
Acknowledging individual variation and tailoring digital technologies to prioritize patient needs is essential.

Trial Registration: PROSPERO CRD42024550203; https://www.crd.york.ac.uk/PROSPERO/view/CRD42024550203
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Introduction

Medication adherence is a major public health concern, and
nonadherence is responsible for 8% of global health expenditure
and imposes a substantial economic burden on health care
systems [1]. The advance in innovative treatments has led to an
increasing number of cancers being classified as a long-term
condition [2]. There is an increasing amount of research on
measuring adherence [3], quantifying adherence rates in various
drugs and cancer [4,5], investigating how to improve drug
adherence [6], and identifying predictors of nonadherence [7].

Oral systemic anticancer therapy (SACT) has become
increasingly accessible over the past 10 years, comprising 25%
of oncology prescriptions globally [8] due to the advantages of
being noninvasive, less intrusive, and more convenient [9].
However, they are prone to nonadherence as patients take
medicines away from the medical setting. Many patients struggle
to adhere to daily oral SACTs, with an adherence rate varying
from 16% to 100% based on the settings and types of medicine
[10].

Adherence is crucial to aiding successful patient outcomes of
oral SACTs, while nonadherence can lead to disease
progression, increased hospitalizations, and higher health care
costs [11]. Factors such as complicated regimens, insufficient
monitoring, poor communication, a lack of community support,
mental health concerns, drug efficacy views, adverse effects,
and financial load might contribute to nonadherence to oral
SACT [6]. Clinicians may also neglect to mention the need for
adherence and possible adverse effects, and patients may not
have an adequate support system or understand the necessity
of the medication [12]. Meanwhile, it has been asserted that
interventions, including patient education and counseling, can
improve treatment adherence [13].

Educational resources and various forms of communication
have been used to build educational programs for patients in
health care [14]. It is suggested that there is a link between
continuous patient education and optimal adherence after a study
showed that almost 50% of patients forgot their doctors’
instructions immediately after being told them [15].
Patient-centered care and individualized interventions
incorporating digital strategies have emerged as promising
directions for research and development [16].

Innovative digital approaches include telemedicine, which refers
to the provision of clinical services remotely using
communication tools such as video or telephone. It encompasses
activities such as diagnosis, monitoring, advice, reminders,
education, interventions, and remote admissions, offering
benefits such as reduced travel costs and time [17]. Smart home
technology is another app that integrates computing solutions
into living spaces to provide various services, including health
care. Using telecommunication and web technologies can

involve remote monitoring systems that enable patients to
receive support while remaining in their homes [18].

Recent evidence suggests that digital interventions improve
medication adherence in patients with chronic conditions. A
meta-analysis involving 11 studies across various diseases
demonstrated that reminder-based interventions, including text
messages, phone calls, and video calls, significantly improved
adherence, with 65.94% of prescribed doses taken in the
reminder groups compared with 54.71% in control groups
(P=.04) [19].

In oncology, digital tools such as apps [20], text messages [21],
mobile games [22], phone calls [23], and multimedia interactive
information technologies [14] have been used to increase
medical adherence. Specific benefits of the digital approach
include aiding in treatment recall, promoting healthy lifestyle
habits, and suggesting that patient-focused educational initiatives
could enhance treatment adherence and quality of life [14,24].
According to Karaaslan-Eşer and Ayaz-Alkaya [25], digital
apps are easy to use, safe, provide access to medical
professionals, offer guidance on managing symptoms with
real-time feedback, and send timely notifications to enhance
treatment adherence.

However, previous publications on the digital approach to
increasing adherence have been limited to targeted oral SACT
[26], specific digital tools (such as mobile [27], app-based design
[20], text message [28], or telemedicine [23]), and specific
diseases [29,30], with previous reviews lacking synthesized
results from a meta-analysis [31,32]. Furthermore, medications
for cancer treatment differ from those for other chronic
conditions, as dosing is often less stable. SACTs are often
adjusted by clinicians in response to treatment-related side
effects and disease progression, leading to fluctuating dosages
that complicate patient adherence [33].

Given these unique challenges, further investigation is warranted
to evaluate the efficacy of digital interventions on adherence,
specifically for patients with cancer taking oral SACT. This
knowledge gap can be explored by undertaking this systematic
review and meta-analysis examining their efficacy.

Methods

Protocol Registration
This systematic review and meta-analysis followed the PRISMA
(Preferred Reporting Items for Systematic Reviews and
Meta-Analyses) statement guidelines (Multimedia Appendix
1) [34]. The protocol has been registered at PROSPERO (no.
CRD42024550203). There were no deviations from the
registered protocol.

Selection Criteria
The inclusion and exclusion criteria of this study are summarized
as follows (Table 1).
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Table . Inclusion and exclusion criteria of this study.

Exclusion criteriaInclusion criteria

Population and conditions •• Patients with cancer including pediatrics,
children, adolescents, neonates, or infants.

Patients with cancer aged 18 years and old-
er.

•• Studies that include mixed age groups of
participants with cancer.

Patients diagnosed with cancer.
• Patients with cancer taking oral SACTsa.

• Patients with cancer taking nonoral SACTsa.
• Patients with cancer exclusively receiving

injectable SACTsa.

Intervention and comparator •• Studies that use nondigital interventions to
improve adherence.

The use of digital interventions such as:

1. Mobile apps • Studies with no suitable or appropriate
comparator.2. Web-based platforms

3. Wearable devices
4. Telemedicine interventions
5. Reminder systems (eg, text message re-

minders)
6. Virtual support groups or web-based com-

munities

• Comparator: standard or usual care without
digital interventions.

Outcome •• The study does not contain outcome mea-
sures related to adherence.

Adherence measures such as:

1. Medication possession ratio • Adherence measures are based solely on
subjective reporting (unless validated self-
reported measures were used).

2. Proportion of days covered
3. Self-reported adherence measures (eg,

questionnaires and surveys)
4. Pharmacy refill data
5. Medication event monitoring systems (eg,

smart pill bottles and electronic pill caps)
6. Biological markers

Study type •• Animal or in vitro studiesHuman studies

Language •• Non-English languageEnglish

Publication •• Review papers, systematic reviews, meta-
analyses, cross-sectional studies, case-con-
trol studies, pilot studies, feasibility studies,
editorials, commentaries, letters, opinion
pieces, conference abstracts, gray literature,
and non–peer-reviewed sources.

Randomized controlled trials and clinical
trials (comparative interventional trials)

aSACTs: systemic anticancer therapies.

Types of Studies
Randomized controlled trials (RCTs) and clinical trials
(nonrandomized, comparative interventional trials) were
included. Review papers, systematic reviews, meta-analyses,
cross-sectional studies, case-control studies, pilot studies,
feasibility studies, editorials, commentaries, letters, opinion
pieces, conference abstracts, gray literature, and
non–peer-reviewed sources were excluded.

Types of Participants
This study included participants who met the following criteria:
(1) patients aged 18 years and older, (2) patients diagnosed with
cancer, and (3) patients taking oral SACTs. Patients younger
than 18 years, studies that included mixed-age groups of
participants, patients with cancer taking nonoral SACTs, and

patients with cancer exclusively receiving injectable SACTs
were all excluded.

Types of Interventions
The digital interventions were categorized according to the
existing literature and the Cochrane Effective Practice and
Organisation of Care (EPOC) taxonomy of health system
interventions. EPOC outlined 4 categories of information and
communication technology that health care organizations use
for managing and delivering health care: health information
systems, the application of information and communication
technology, smart home technologies, and telemedicine [35].

To improve their adherence to oral SACTs, patients with cancer
who used digital interventions, such as mobile apps, web-based
platforms, wearable devices, telemedicine interventions,
reminder systems (eg, text message reminders), virtual support
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groups, or web-based communities, were included. Studies
using nondigital interventions to enhance adherence were
excluded.

Types of Outcome Measures
As there is no gold standard for measuring adherence and its
associated outcomes, studies that reported adherence to oral
SACTs, measured by various methods including self-reported
adherence measures (such as the Morisky Medication Adherence
Scale Score [36]), pharmacy refill data, medication event
monitoring systems (including smart pill bottles and electronic
pill caps), and biological markers, and presented as continuous
or dichotomous data, such as the medication possession ratio
[37], the proportion of days covered [37], or the proportion of
adherence or nonadherence, were included in this review. Any
studies that did not contain outcome measures related to
adherence and studies that used adherence measures based solely
on subjective reporting (unless validated self-reported measures
were used) were excluded.

Data Sources and Search Strategies
A comprehensive electronic database search was conducted on
MEDLINE, Embase, APA PsycINFO, and CINAHL Plus from
their inception to May 31, 2024, as this review began in June
2024. MEDLINE and Embase are widely recommended for
studying health care interventions [38], while APA PsycINFO
and CINAHL Plus, although narrower in scope, are also well
suited for this field. These databases focus on subject-specific
rather than population-based information. Although there is no
established guideline for the number of databases to include in
a search, the combination of 2 broad and 2 focused databases
is considered appropriate for the subject area of this review.
Various structured search strategies were used, using controlled
vocabulary and keywords based on the study’s inclusion and
exclusion criteria (Table 1) (Multimedia Appendix 2).

Study Selection
The title and abstract of papers retrieved from the electronic
databases search were first screened by 2 reviewers (FA and
WCL) independently according to the selection criteria (Table
1) using the predesigned electronic screening form. Each paper
was rated as “included,” “further check,” or “excluded.” The
intraclass correlation coefficient (2-way mixed-effects model
with absolute agreement [39]) and 95% CI were calculated for
the consistency between 2 reviewers (FA and WCL) in record
screening. Any discrepancy was resolved by discussing between
reviewers and, if necessary, with a third reviewer (LCC) to reach
a consensus. The full texts of potentially eligible papers were
further reviewed independently by 2 reviewers (FA and WCL)
to conclude the selection of studies.

Data Extraction and Management
The data for each study were independently extracted by 2
reviewers (FA and WCL) using the standardized and piloted
electronic data extraction sheet. Disagreements were adjudicated
by a third reviewer (LCC). Study information (study title, lead
author, country, and year of publication), study design, setting,
targeted population (cancer and oral SACT), intervention (digital
apps), comparison, outcome measures, and follow-up period

were extracted. Study results, including continuous data (such
as mean adherence scale score and SD) and dichotomous data
(such as the proportion of adherent or nonadherent patients),
were retrieved. If raw data are unavailable, risk ratio, hazard
ratio, mean (SD), median (range) of adherence duration, or any
other results that can be converted into raw data were extracted.
Duplicates were identified using EndNote 20 (Clarivate
Analytics) through its default 1-step auto-deduplication process,
which applies the matching criteria of “author,” “year,” and
“title.” This process was used to aid in screening the studies.

Risk of Bias Assessment
Controlling the risk of bias in a systematic review is crucial, as
bias can distort the true effect of interventions [40]. Quality
assessment of all included studies was conducted using version
2 of the Cochrane Risk of Bias Assessment Tool (RoB 2) for
RCTs as recommended by the Cochrane Collaboration [41]. By
assessing bias across 5 critical methodological aspects of each
RCT, namely, the randomization process, deviations from the
intended intervention, missing outcome data, outcome
measurement, and selection of reported results [41], the included
studies were categorized into “’low risk of bias,” “some
concerns,” or “high risk of bias” using the RoB 2 tool. The
results were subsequently tabulated. Risk of bias assessment
was conducted independently and in duplicate by the 2 reviewers
(FA and WCL).

Data Analysis
All outcomes were compared between the exposed group (digital
intervention users) and the nonexposed group (those receiving
standard care). The proportions of poor adherence were
synthesized using a random-effects model (Der-Simonian and
Laird method [42]). The pooled results were reported as odds

ratio and 95% CI. The heterogeneity was assessed with the I2

test (%). If appropriate, the mean difference and 95% CI of the
adherence scale scores between the exposed and nonexposed
groups were calculated and synthesized. The meta-analysis was
conducted in STATA (Release 14; StataCorp LLC).

Results

Selection of Study
Of the 844 records identified from the electronic databases
search, 181 duplicates were deleted. After screening titles and
abstracts, 614 records were removed due to the irrelevance to
digital interventions in patients with cancer receiving oral
SACTs (n=426), being not fully published original interventional
papers (n=159), not assessing medication adherence (n=16),
involving patients younger than 18 years (n=10), not being in
English (n=2), and both arms using digital interventions (n=1).
After the full-text screening of the remaining 49 studies, 36
were excluded, leaving 13 studies (2611 participants) for
inclusion in this review (Figure 1). The intraclass correlation
coefficient between the 2 reviewers (WCL and FA) is 0.886
(95% CI 0.868-0.902), indicating good consistency. Since both
authors demonstrated consistency and agreement at the full-text
screening stage, the intraclass correlation coefficient was
calculated solely for the abstract screening.

JMIR Cancer 2025 | vol. 11 | e64208 | p.38https://cancer.jmir.org/2025/1/e64208
(page number not for citation purposes)

Liao et alJMIR CANCER

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Figure 1. Selection of studies. APA: American Psychological Association; SACTs: systemic anticancer therapies.

Characteristics of Study
The 13 included RCTs, published from 2016 to 2024, were
conducted in various countries: the United States (n=3)
[21,33,43], South Korea (n=2) [22,24], France (n=2) [44,45],
Egypt (n=1) [23], Finland (n=1) [46], Australia (n=1) [47],
Colombia (n=1) [14], Singapore (n=1) [48], and Turkey (n=1)
[25]. The studies involved patients with breast cancer (n=5)
[21,22,24,47,48], various types of cancer (n=5) [25,33,43-45],
chronic myeloid leukemia (n=1) [46], colorectal or gastric cancer

(n=1) [23], and multiple myeloma (n=1) [14]. Digital
interventions included mobile apps (n=4) [22,24,25,43],
reminder systems (n=4) [21,33,47,48], telephone follow-ups
(n=3) [23,44,45] and interactive multimedia platforms (n=2)
[14,46]. According to the EPOC taxonomy [35], 7 RCTs used
smart-home technologies [22,24,25,33,43,47,48], 4 used
telemedicine [23,33,44,45], and 2 used information and
communication technology [14,46] (Table 2). There were 1305
patients in the digital intervention group and 1306 patients in
the control group.
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Table . Characteristics of included studies.

Adherence measureControlDigital interventionCancer type, age of pa-
tients

(years)

Author, year, country

EPOCaTools or technology
and intensity of inter-
vention

MMASbStandard treatmentInformation and com-
munication technology

30-minute face-to-face
counseling and multi-
media interactive infor-

Chronic myeloid
leukemia, median
(range): 60 (25-83).

Kekale et al (2016),
Finland [46]

mation technologies
comprising a 5-minute
video and daily text
messages for 9 months.

K-MARScRoutine careSmart-home technolo-
gies

Mobile game. Play the
game for >30 minutes,
3 times weekly, for 3
weeks.

Metastatic breast can-
cer, mean (SD): 50.9
(7.0)

Kim et al (2018), South
Korea [22]

RDIeStandard careTelemedicineReminder phone calls
consisting of daily ad-
herence reminder calls.

Various types of can-

cerd, mean (SD): 61
(12).

Sikorskii et al (2018),
United States [33]

Pill count methodStandard careTelemedicineFollow-up phone calls
involving weekly

Metastatic colorectal or
gastric cancer, mean

Eldeib et al (2019),
Egypt [23]

phone calls for the 11
cycles of treatment.

(SD): intervention
group: 49.98 (10.7);
control group: 44.8
(12.65)

MMASbStandard careSmart-home technolo-
gies

Mobile app with pa-
tients using the app for
12 weeks.

Various types of can-

cerf, mean (SD): 53.30
(12.91)

Greer et al (2020),
United States [43]

Urine testNo text messagingSmart-home technolo-
gies

Text message twice a
week for 3 years.

Early-stage breast can-
cer, median (range):
60.9 (30.7‐82.4)

Hershman et al (2020),
United States [21]

SMAQgStandard careSmart-home technolo-
gies

Text message weekly
for 1 year.

Breast cancer, median
(range): 61 (32-80)

Tan et al (2020), Singa-
pore [48]

MMASbRoutine careTelemedicineFollow-up phone calls
with calls at baseline,

Various types of can-

cerh, median (Q1-Q3):
70 (62-78)

Bouleftour et al (2021),
France [44]

3rd, 6th, 12th, and 24th
weeks.

OCASjStandard careSmart-home technolo-
gies

Mobile app, which was
a weekly record of
symptoms and severity
for 6 months.

Various types of can-

ceri, mean (SD): inter-
vention group: 60.33
(9.31); control group:
62.14 (9.97)

Karaaslan-Eser and
Ayaz-Alkaya (2021),
Turkey [25]

RDIe and questionnaireUsual careTelemedicineFollow-up by phone or
internet (web portal)

Various advanced or

metastatic cancerk, me-

Mir et al (2022),
France [45]

weekly for first month,dian (range): 62 (20-
92) biweekly from second

to fourth month, and
then 3 weekly from the
fifth month onward.

Automatic smartphone
records

Usual careSmart-home technolo-
gies

Mobile app and smart
pill bottle reminder
with smart pill bottle

Breast cancer, mean
(SD): 53.33 (8.71)

Park et al (2022),
South Korea [24]

reminder daily for 4
weeks.

Self-reported missed
doses within the last 7
days

Usual careSmart-home technolo-
gies

Text messages compris-
ing 4 text messages
weekly for 6 months.

Breast cancer, mean
(SD): 55.1 (11.1)

Singleton et al (2023),
Australia [47]
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Adherence measureControlDigital interventionCancer type, age of pa-
tients

(years)

Author, year, country

EPOCaTools or technology
and intensity of inter-
vention

MAQlConventional educa-
tional approach

Information and com-
munication technology

Multimedia interactive
information technolo-
gies. Contents are pre-
sented to patients and
caregivers at the start
of each 4-month cycle.

Multiple myeloma,
mean (SD): interven-
tion group: 65.19
(10.45); control group:
62.25 (11.89)

Guio et al (2024),
Colombia [14]

aEPOC: Effective Practice and Organisation of Care.
bMMAS: Morisky Medical Adherence Scale.
cK-MARS: Korean version of the Medication Adherence Rating Scale.
dBreast, colorectal, gastrointestinal, leukemia, liver, lung, lymphoma, melanoma, myeloma, pancreatic, prostate, renal, sarcoma, brain, esophageal, and
other cancer.
eRDI: relative dose intensity (defined as the ratio of the dose delivered over time to the prescribed dose intensity).
fHematologic, non–small cell lung, breast, high-grade glioma, sarcoma, gastrointestinal, genitourinary, melanoma, and nongastrointestinal stromal
tumor sarcoma.
gSMAQ: Simplified Medication Adherence Questionnaire.
hHematologic, breast, prostate, pulmonary, kidney, colon, cerebral, rectum, sarcoma, and other cancers.
iColorectal cancer, gastrointestinal stromal tumor, lung cancer, renal cell carcinoma, hepatocellular carcinoma, cholangiocarcinoma, breast cancer,
pancreatic cancer, and glioblastoma.
jOCAS: Oral Chemotherapy Adherence Scale.
kEndocrine, breast, digestive, renal, central nervous system, sarcoma, gynecological, lung, hematological, melanoma, and other.
lMAQ: Medication Adherence Questionnaire.

Quality Assessment
The 13 included RCTs raised concerns primarily related to the
randomization process, missing outcome data, and outcome
measurement; there were no high risks identified in any of the
5 areas of bias. The randomization was conducted by the
principal investigator (KM) in one study [46] and lacked
blinding in another [23]. In several studies, adherence outcomes
were derived subjectively from patient-reported data via
self-completed questionnaires [14,22,25,43-48]. In addition,
challenges in differentiating missed appointments from actual
medication nonadherence [21] and the possibility of smart pill
bottles being opened without medication intake [24] further
compounded measurement bias (Multimedia Appendix 3).

The challenges in recording outcome measures were found in
2 studies [21,24]. The authors of these RCTs made assumptions
about the absence of urine samples as an indicator of
nonadherence and the correlation between opening smart bottles
and actual medication intake. While both studies used a
sampling check or additional survey to support their
assumptions, these diverse approaches contributed to increased
heterogeneity and potential biases in this meta-analysis.

Characteristics of the Interventions
Four studies used mobile apps to integrate educational materials
into their platforms [22,24,25,43]. Although the app
(ILOVEBREAST) by Kim et al [22] functioned as a game, it
still served as an educational tool for patients. Standard features
of these mobile apps include side effects and symptom
management [22,25,43], lifestyle guidance [43], and addressing
adherence concerns [24,43]. Two of these studies incorporated
additional digital technologies into their mobile apps, such as

smart pill bottle reminders [24] and integrated Fitbit for
monitoring physical activity [43] (Multimedia Appendix 4).

Moreover, standard features across mobile apps and other digital
technologies included disease management and patient education
about specific cancer types. Three studies directly targeted
adherence through their digital technologies, either by
questioning patients about their adherence [23,44] or by
measuring it [24]. The remaining studies indirectly addressed
adherence by focusing on related features. Some text messages
covered a variety of content related to not only medication
adherence but also physical activity, healthy diet, well-being,
side effects management, physician recommendations, and
providing support [21,47]. In addition, 3 studies used digital
interventions to identify problems, particularly symptoms and
toxicities [25,44,45]. In 1 study, health care professionals were
able to access patient data and communicate with nurse
navigators via a web portal [45] (Multimedia Appendix 4).

The delivery mode of digital technologies in the 13 RCTs varied.
Mobile apps involve self-administration by patients, constituting
a passive delivery method, although 2 studies personalized the
app experience with features such as customized medication
dosing timetables and symptom recording [25,43]. Reminder
systems, either via text message or phone call, were passively
delivered through telecommunication companies [48] or an
interactive voice response system [33], with reminders
predominantly generic. Telephone follow-ups were tailored to
individual patients and proactively delivered by trained nurses
[44,45] or a single principal investigator [23]. Interactive
multimedia platforms, although passively delivered, provided
bespoke content. One study combined multimedia interactive
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platforms with face-to-face counseling sessions delivered by
trained nurses [46] (Multimedia Appendix 4).

The duration of digital interventions in the 13 RCTs ranged
from 3 weeks [22] to 3 years [21], with 1 study comprising 44
months in 11 undefined-length cycles [23]. Reminder systems
were predominantly weekly, except for some studies conducted
daily [33] or biweekly reminders [21]. Several studies used
reminder systems to enhance adherence to oral SACTs. These
systems varied, with some studies using smartphone messages
[25,46,48], smart pill boxes [24], or telephone calls [33] to
remind patients about their medication. Mobile apps were
recommended for daily [22,24] or weekly use [25], except 1
study with unspecified frequency [33]. Telephone follow-ups
varied from weekly [23] to less regular pattern [44,45]. One
study combined follow-up phone calls with a web portal for
web-based communication and patient information sharing [45].
Multimedia interactive platform engagement varied from
monthly [14] to unspecified frequencies [46], with text messages
being sent daily in 1 study [46] (Table 2).

Adherence Measurement
Adherence was the primary outcome in 11 RCTs, while 2 studies
assessed it as a secondary outcome [45,47]. Various subjective

measures, including surveys [14,22,25,43-46,48], relative dose
intensity (RDI) [33,45], pill count [23], self-reported missed
doses [47], and a smart pill bottle [24], were used across the 13
RCTs. One study used a more objective measure of adherence
using time-to-adherence failure, defined by urine aromatase
inhibitor metabolite assay results [21] (Table 2).

Adherence Rate
The pooled result from 11 studies [14,21,23-25,33,43,45-48]
showed that users of digital technology had a significantly lower
risk of poor adherence to oral SACTs than nonusers (odds ratio

0.60, 95% CI 0.47-0.77; I2=73.1%) (Table 3). A trend was
observed where smaller studies favored the digital intervention
group [14,25,46], while larger studies favored the control group
or showed no significant difference [21,33,43,45,48]. However,
definitive conclusions cannot be drawn due to substantial
heterogeneity (I²=73.1%) [40]. In 1 study, only the proportion
of medium adherence was reported, with no significant
difference observed between the intervention (92/183, 77.2%)
and control (91/183, 81.3%) groups [44].
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Table . Proportion of patients with poor adherence in the included studies.

Odds ratio (95% CI)Event rateaFollow-upType of digital technologyStudy

0.08 (0.01‐0.66)1/35 vs 9/339 monthsKekäle et al (2016) [46] • Face-to-face counsel-
ing

• Interactive multimedia
platforms

1.02 (0.02‐51.82)0/106 vs 0/10812 weeksSikorskii et al (2018) [33] • Reminder phone calls
• Disease self-manage-

ment tool kits

0.13 (0.01‐2.73)0/44 vs 3/3811 cyclesEldeib et al (2019) [23] • Follow-up phone calls

0.53 (0.23‐1.18)11/80 vs 20/8612 weeksGreer et al (2020) [43] • Mobile app

0.77 (0.50‐1.19)238/290 vs 268/3133 yearsHershman et al (2020) [21] • Text message

1.11 (0.67‐1.83)59/123 vs 55/1211 yearTan et al (2020) [48] • Text message

0.29 (0.11‐0.74)16/38 vs 28/396 monthsKaraaslan-Eser and Ayaz-
Alkaya (2021) [25]

• Text message

0.57 (0.30‐1.11)15/255 vs 26/2656 monthsMir et al (2022) [45 • Follow-up by phone or
internet (web portal)

0.28 (0.03‐2.83)1/30 vs 3/274 weeksPark et al (2022) [24] • Mobile app integrated
with a smart pill bottle
reminder

0.38 (0.09‐1.52)3/42 vs 8/476 monthsSingleton et al (2023) [47] • Text message

0.02 (0.01‐0.17)1/16 vs 13/16At least 100 days following
transplantation or 3 months
after maintenance

Guio et al (2024) [14] • Interactive multimedia
platforms

0.60 (0.47‐0.77); I2=73.1%345/1059 vs 433/1093N/AN/AbOverall

aEvent rate refers to the proportion of poor adherence in each study, measured by the specific method used in the study. Digital intervention users versus
nonusers. Some event rate values have been converged based on the adherence data provided by studies.
bN/A: not applicable

Adherence Scale Score and RDI
Two studies reported adherence scale scores [22,44]. Although
the results were not pooled, the mean difference was calculated
(Table 4). These 2 studies generated positive mean differences,
indicating that digital technology users experienced an increase

or improvement in oral SACT adherence compared with
nonusers. The mean (SD) of the RDI for the intervention group
and the control group were 0.89 (0.03) (n=122) and 0.92 (0.03)
(n=117) in one study [33], and 0.84 (0.26) (n=255) and 0.80
(0.21) (n=265) in another study [45]. A value of RDI<0.8
indicated underadherence, as reported in 1 study [33].

Table . Adherence scale score and mean difference of the included studies.

Mean differenceb (95%
CI)

Mean (SD) scoreaAdherence scaleFollow-upDigital technologyStudy

1.10 (0.82-1.38)c7.6 (0.7) (n=34) vs 6.5
(0.5) (n=38)

Korean version of the
medication adherence
rating scale

3 weeksMobile gameKim et al (2018) [22]

7.86 (3.81-11.91)c81.22 (8.05) (n=38) vs
73.36 (10.44) (n=39)

Oral chemotherapy ad-
herence scale

6 monthsText messageKaraaslan-Eser and
Ayaz-Alkaya (2021)
[25]

aDigital intervention users versus nonusers.
bMean difference represents the adherence score difference between digital intervention users and standard care patients, with higher scores indicating
better adherence.
cP<.01.
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Discussion

Principal Results
This study investigated the efficacy of digital interventions in
improving adherence to oral SACTs and found that digital
intervention users had a significantly lower risk of poor
adherence to oral SACTs than nonusers. In addition, digital
technology users demonstrated improved or increased adherence
scores compared with nonusers.

Interactive and patient-focused digital supports have
revolutionized the possibilities for improving medication
adherence [16]. An overview of reviews indicates that
incorporating digital technologies with direct clinician contact
is likely to increase adherence [31]. A systematic review
confirmed the efficacy of digital interventions in improving
short-term treatment adherence among patients with cancer
receiving oral chemotherapy [32]. Our pooled meta-analysis
results also support this, as they showed a significantly reduced
risk of poor adherence to oral SACTs among users of digital
tools.

The efficacy of digital tools in achieving success can be
attributed to various factors, for example, providing instructional
resources, dosage aids, engagement with health care providers,
digital medicine, self-monitoring, and quickly implementable
technical methods [16]. Patient awareness of their drug regimen
and the goals, benefits, and potential adverse events is critical
for optimal adherence [49]. Digital can offer medication
information and instructional help as educational resources
[22,24,25,43]. Digital-based interventions such as personalized
dosing schedules help patients organize and improve drug
adherence [43]. Face-to-face counseling, proposed as a single
consultation experience, was also included in our review for its
potential to enhance patient adherence [46,50].

Implications
Medication adherence is crucial in oncology therapy, yet low
adherence rates, as low as 14% for some cancer regimens,
significantly impact patient health outcomes and strain health
care systems and budgets [51]. This indicates that personalized
interventions may improve adherence [51,52]. With more than
4.57 billion web users globally, 91% are accessing it via mobile
devices, and smartphone usage—projected to increase by 8%
annually [53], as well as digital health tools including phones
and wearable devices—offer promising avenues for enhancing
health care outcomes, cost-effectiveness, and patient acceptance
[27].

Telemedicine offers greater flexibility than in-person
interventions, allowing for addressing nonadherence wherever
and whenever it occurs, such as between appointments or outside
of clinic settings [54]. Telemedicine for reminder and follow-up
phone calls was also a method of implementation used in several
studies examined [23,33,44]. Digital medicine involves tools
such as electronic pill bottles and wearable electronic devices.
These devices enhance adherence and can track when containers
are opened, although this does not verify intake [55]. Moreover,
digital treatments may have drawbacks, including the cost and

time needed for transferring or connecting with electronic
equipment [16].

One study investigated whether using 1 or 2 digital tools
improved adherence [56]. Both groups received weekly
automated voice responses over 8 weeks, with the intervention
group receiving additional daily text messages for 21‐28 days.
Results suggested that the extra text messages improved
adherence and symptom management in patients taking oral
anticancer agents. Another similar study showed that additional
text messages could positively impact patients by promoting
behavior change and improving self-care [28]. This highlights
the potential for diverse clinical outcomes with varying types
and quantities of digital tools.

Furthermore, social inequality is often correlated with the
reduced use of digital technology in health care, contributing
to a digital health divide [57]. For instance, older adults are less
likely to use the web [58] or smartphones [59], and individuals
with lower incomes face greater barriers to web access [60].
This inequality results in disparities in access to digital tools
and hampers the implementation of digital interventions in
health care [61]. To enhance accessibility, patients and health
care professionals need to be involved in the development of
these interventions, ensuring that they meet the needs of diverse
patient populations. In addition, educational campaigns should
aim to raise awareness and provide training on digital tools
while also challenging stereotypes about older adults’
technological capabilities and reinforcing patients’ confidence
in maintaining their privacy when using such interventions [61].

Strengths and Limitations
This review focuses on managing medication adherence at home
for patients with cancer who are prescribed oral SACTs. All
studies included are RCTs, considered the gold standard for
measuring intervention efficacy [62]. We excluded single-group
pre-post test designs to ensure randomization and aimed to cover
various contemporary digital tools to assess their efficacy on
medication adherence. One study had a 3-year follow-up,
offering valuable insights into long-term impact [21]. The pooled
meta-analysis results provide an integrated understanding of
digital tools’efficacy in supporting medication adherence among
patients with cancer.

While digital interventions hold promise, we acknowledge
several limitations in this study, including various cancer types
and oral SACT classes introducing disease uniqueness and drug
response variability, potentially impacting medication adherence
and intervention efficacy.

Despite including only RCTs, these studies exhibited
considerable variability in research design, data collection
methods, outcome measures, and the digital interventions used,
as well as diversity in the cancer types investigated. The inability
to conduct a patient-blinded experiment due to patient
expectations of additional digital support is recognized [23,25].
Follow-up phone calls by different health care professionals
may introduce bias [44,45]. Furthermore, reliance on subjective
self-monitoring or self-reporting for medication adherence
evaluation poses potential errors [24,33,46]. Small sample sizes
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in some trials may limit statistical power and significance
between intervention and control groups.

This heterogeneity is inherent to the subject matter [63].
Methodological heterogeneity was notable (I²=73.1%), but it
was accounted for by using a random-effects model in the
meta-analysis, which assumes a normal distribution of
underlying effects [40]. Also, due to the significant
heterogeneity, the publication bias assessment test was not
conducted to avoid presenting potentially misleading results.
Acknowledging these limitations is crucial for interpreting the
research results and allows readers to evaluate the significance
and scope of the study more comprehensively. Another
limitation of the study was that subgroup analyses were not
conducted due to lack of data. This could have been used to
investigate heterogeneous results or ask specific questions about
a cancer type or intervention type.

This review included a variety of adherence and outcome
measures due to the lack of consensus on these metrics. While
self-reported adherence may be less robust due to recall bias
and social desirability effects [64], only those studies using
validated tools widely accepted in adherence research were
included. Although these tools facilitate low-burden data
collection, self-reported adherence may not always accurately
reflect actual behavior, necessitating cautious interpretation of
results. This diversity in outcome measures provides a
comprehensive view of adherence-related consequences, which
is crucial for understanding the broader context of digital
interventions but may also complicate the ability to draw
definitive conclusions.

Cancer populations encompass low-, middle-, and high-income
regions globally, each with varying access to digital technologies
and health care systems. Most studies have been conducted in

high-income regions, which limits the generalizability of the
results to low- and middle-income areas. In addition, the limited
and diverse regional patient inclusion across these studies may
further restrict the applicability of the findings to broader
conditions [23-25,43].

Recommendations
Future interventions should be developed that focus on
patient-centered, motivation-driven, and culturally adapted
digital tools and be tailored for individuals with different types
of cancer or oral SACTs. Efforts should focus on minimizing
the threshold and difficulties associated with using digital tools
and ensuring accessibility and ease of implementation for
patients of all ages. Investigating patients’preferences for digital
interventions could also increase usage rates. Monitoring health
care professionals’ responses and perspectives on digital
interventions, alongside tracking patients’medication adherence,
would provide valuable insights. To prevent alert fatigue [21],
future research could explore optimal timing and frequency for
implementing digital interventions. Qualitative studies could
be conducted to delve deeper into the experiences of digital
intervention users in real-world therapeutic settings,
complementing quantitative findings.

Conclusions
Considering the growing use of oral SACTs and their higher
patient acceptance over intravenous therapy, addressing
medication adherence is vital in clinical oncology. Digital
interventions offer effective support, enhancing adherence to
oral SACTs and improving treatment outcomes while providing
convenience for patients. This study highlights the significant
benefits of digital technology in promoting adherence. Future
research should focus on refining and personalizing digital tools
to better meet individual patients’ needs.
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RoB 2: Risk of Bias Assessment Tool
SACT: systemic anticancer therapy
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Abstract

Background: Artificial intelligence (AI) is a revolutionary tool yet to be fully integrated into several health care sectors, including
medical imaging. AI can transform how medical imaging is conducted and interpreted, especially in cardio-oncology.

Objective: This study aims to systematically review the available literature on the use of AI in cardio-oncology imaging to
predict cardiotoxicity and describe the possible improvement of different imaging modalities that can be achieved if AI is
successfully deployed to routine practice.

Methods: We conducted a database search in PubMed, Ovid MEDLINE, Cochrane Library, CINAHL, and Google Scholar
from inception to 2023 using the AI research assistant tool (Elicit) to search for original studies reporting AI outcomes in adult
patients diagnosed with any cancer and undergoing cardiotoxicity assessment. Outcomes included incidence of cardiotoxicity,
left ventricular ejection fraction, risk factors associated with cardiotoxicity, heart failure, myocardial dysfunction, signs of cancer
therapy–related cardiovascular toxicity, echocardiography, and cardiac magnetic resonance imaging. Descriptive information
about each study was recorded, including imaging technique, AI model, outcomes, and limitations.

Results: The systematic search resulted in 7 studies conducted between 2018 and 2023, which are included in this review. Most
of these studies were conducted in the United States (71%), included patients with breast cancer (86%), and used magnetic
resonance imaging as the imaging modality (57%). The quality assessment of the studies had an average of 86% compliance in
all of the tool’s sections. In conclusion, this systematic review demonstrates the potential of AI to enhance cardio-oncology
imaging for predicting cardiotoxicity in patients with cancer.

Conclusions: Our findings suggest that AI can enhance the accuracy and efficiency of cardiotoxicity assessments. However,
further research through larger, multicenter trials is needed to validate these applications and refine AI technologies for routine
use, paving the way for improved patient outcomes in cancer survivors at risk of cardiotoxicity.

Trial Registration: PROSPERO CRD42023446135; https://www.crd.york.ac.uk/PROSPERO/view/CRD42023446135

(JMIR Cancer 2025;11:e63964)   doi:10.2196/63964

KEYWORDS

artificial intelligence; cardiology; oncology; cancer therapy–induced; cardiotoxicity; cardiovascular toxicity; machine learning;
imaging; radiology

Introduction

The World Cancer Research Fund International reported 18.1
million cancer cases in the year 2020, with breast and lung
cancer being at the top of the list, representing 12.5% and 12.2%

of all cases, respectively [1]. Breast cancer is the most
commonly diagnosed type of cancer globally [2]. In 2020, the
International Agency for Research on Cancer reported 27,885
new cancer cases, with nearly 47% of these cases ending with
death [3].
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In the United States, there are currently 17 million cancer
survivors; by 2030, that number is predicted to rise to 22 million.
For many cancer survivors, cardiovascular disease (CVD) is
the leading cause of noncancer morbidity and mortality. Studies
show that compared to the general population, patients with
cancer have a 2‐6 times higher chance of dying from CVD.
Considering the progress made in cancer therapies and the
decrease in cancer-related fatalities, comprehensive
cardiovascular care is essential to improving these patients’
overall results [4].

In recent years, there has been a notable advancement in the
fight against cancer. However, a new problem has come to light:
the potential for lifesaving cancer treatments to cause unintended
damage to the heart. This is where cardio-oncology, a rapidly
developing field, comes into play. It focuses on the crucial
relationship between cancer treatment and heart health, focusing
on controlling and preventing cardiovascular toxicity [5].

Cardiovascular toxicity, commonly known as cardiotoxicity,
defined by the 2022 European Society of Cardiology
Cardio-Oncology guidelines, is the term used to describe the
harm inflicted upon the heart muscle or cardiovascular system
due to different cancer treatments. Although chemotherapy and
radiation therapy are essential tools in the fight against cancer,
they can have negative side effects on the heart. These adverse
effects can include anything from mild alterations in cardiac
function to potentially fatal issues, including heart failure [6].

According to the American Society of Clinical Oncology
(ASCO), the survivorship of cancer in the United States is
approximately 67% and 18% for 5 and 20 years or more after
diagnosis, respectively [7], especially if diagnosed early [8].
However, patients receiving cancer treatments such as
chemotherapy, radiotherapy, and targeted agents have a 20%
chance of developing myocardial dysfunction, with up to 7%
to 10% having cardiomyopathy or heart failure [9]—in other
words, therapy-induced cardiotoxicity [10,11]. Therapy-induced
cardiotoxicity depends on the type of treatment, such as
mediastinal and left-sided radiotherapy, anthracycline-based
chemotherapy, and trastuzumab (targeted therapy), and other
risk factors such as age, stage of diagnosis, ethnicity, and
pre-existing CVDs [12].

Trastuzumab is a targeted therapy that uses drugs and other
substances to precisely identify and attack specific types of
cancer cells [13]. It is a humanized immunoglobulin G1
monoclonal antibody that is used to treat HER2+ (human
epidermal growth factor receptor 2) breast cancer. Recently, it
has also been approved to treat HER2+ advanced gastric cancer.
The use of trastuzumab on patients with HER2+ breast cancer,
which constitutes 20% of breast cancer cases, has demonstrated
a significant reduction in recurrence risk, morbidity, and
mortality. However, not all patients with HER2+ breast cancer
respond to trastuzumab treatment due to resistance [14].
Recently, targeted therapy has been increasingly used in treating
cancer, which has resulted in a significant improvement in the
overall survival of patients with cancer. However, it can cause
systemic toxicity, particularly cardiovascular toxicity [15].

Moreover, one of the most effective chemotherapy agents for
several cancer types is anthracycline-based chemotherapy [16].

The American National Cancer Institute defines anthracycline
as a type of antibiotic extracted from certain types of
Streptomyces bacteria; it kills cancer cells by causing damage
to their DNA and interfering with their reproduction [17,18].
The anthracycline chemotherapy agents include doxorubicin,
epirubicin, daunorubicin, idarubicin, mitoxantrone, and
valrubicin [18]. Although anthracyclines have been proven
effective in treating various types of cancer, they do not come
without adverse effects, which can limit their therapeutic
potential [16]. These adverse effects range from mild and
short-term to severe and long-term side effects [19]. Thus, early
detection of cardiac dysfunction or cardiotoxicity allows the
administration of the appropriate cardiac care, improving the
overall outcome [20].

Long-term, dose-dependent risks of cardiotoxicity with
anthracyclines are well-established [19]. Therefore, the
recommended current practice by ASCO is a comprehensive
assessment before initiating the treatment that includes a history
and physical examination, screening for CVD risk factors, and
an echocardiogram [21]. ASCO also recommends that clinicians
manage modifiable cardiovascular risk factors (smoking,
hypertension, diabetes, and obesity); the clinicians may
incorporate several strategies, such as the use of dexrazoxane
for cardioprotection, continuous infusion, or liposomal
formulation of doxorubicin during the administration of
anthracycline therapy [21]. In addition to cardiac imaging during
the routine clinical assessment before therapy initiation
(echocardiogram and cardiac magnetic resonance imaging
[MRI]), ASCO recommends routine surveillance for cardiac
function in patients considered to be at increased risk of
developing cardiac dysfunction or heart failure [21,22].

The current method for cardiac function surveillance is
“echocardiography” [14] to assess the left ventricular ejection
fraction (LVEF) and the global longitudinal strain (GLS) [23].
Echocardiography has many advantages, making it the first
modality of choice to monitor cardiotoxicity. These advantages
include its ability to provide real-time imaging; availability and
accessibility; noninvasiveness; and low cost [23]. However,
echocardiography has limitations that hinder the detection of
early signs of cardiotoxicity. Some of these limitations include
the fact that echocardiography is entirely user-dependent,
subjectivity in results interpretation, and variability in the image
quality [23]. These limitations can result in the inability to detect
subclinical cardiotoxicity and the early signs of cardiac
dysfunction, which are crucial for personalized treatment plans
that aim to improve the patient’s prognosis [23]. Moreover,
other CVD manifestations, such as myocardial perfusion and
mitochondrial dysfunction, may precede a myocardial injury
detected by echocardiography; this can only be recognized by
a higher level of imaging modalities, which use targeted
radiotracers such as cardiac magnetic resonance imaging (CMR)
and nuclear imaging to provide information on specific
mechanisms of cardiotoxicity [24].

With the recent emergence of artificial intelligence (AI) and
machine learning (ML), their applications have meritoriously
contributed to many advancements, with a promising potential
for more across different areas, including imaging in the medical
field [23,25]. One of the potential advancements is the rise of
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stable diffusion, a generative model; it is anticipated that it
might fill the gap in low-quality medical images by generating
data on the missing details of the pathology with pattern
recognition [25,26]. AI can generate this data by processing
large amounts of readily available imaging data through artificial
neural networks inspired by the connectionism of the biological
neural network in the brain [25]. Tasks executed by AI
algorithms in medical image processing include image
acquisition, analysis, segmentation, feature extraction,
visualization, registration, and classification [25]. Using
AI-augmented imaging in the assessment of cardiotoxicity can
help in recognizing subclinical cardiotoxicity caused by
anthracyclines in addition to being able to reproduce the images
more accurately by enhancing the imaging quality produced by
the echocardiograph, which eventually will allow better
monitoring and earlier detection of cardiac dysfunction [27].
For more detailed definitions of cancer treatments,
cardiovascular toxicity, imaging modalities, and the application
of AI in healthcare, please refer to Multimedia Appendix 1.

Despite its potential, the evidence base of AI imaging solutions
for cardiovascular care in general and predicting cardiotoxicity
in particular has been limited to date. Therefore, further research
about AI’s usefulness and effectiveness in the routine practice
of cardio-oncology care is necessary. This systematic review
aims to review the available literature on the use of AI in
cardio-oncology imaging to predict cardiotoxicity and describe
the possible improvement of each modality for cardio-oncology
imaging when deploying AI to routine practice.

Methods

This systematic review was conducted according to the PRISMA
(Preferred Reporting Items for Reviews and Meta-Analyses)
guidelines from July 1 to August 1, 2023. The review is
registered in PROSPERO (International Prospective Register
of Systematic Reviews; CRD42023446135).

Search Strategy
The literature search for this review was performed using
PubMed, MEDLINE, Cochrane Library, CINAHL, and Google
Scholar for relevant studies from inception until June 2023. An
AI research assistant (Elicit) was also used to search for relevant
papers using the same terminology. In addition, PROSPERO
was searched for ongoing similar systematic reviews. The first
and senior authors are experienced in systematically reviewing
the literature and have published several reviews. In addition,
the authors have consulted experts using Editage services to
achieve a high level of reliability. Please see Multimedia
Appendix 2 for a detailed search strategy.

Terminology
In order to achieve the objective of this review, the databases
were searched using keywords and their Medical Subject
Headings (MeSH) terms connected by the Boolean operators
“AND,” “OR,” and “*.”

The search used the following terms and their MeSH terms:
artificial intelligence, AI, deep learning, machine learning,
cardio-oncology, cardiotoxicity, cardiac toxicity, cancer
treatment, cancer therapy, “artificial intelligence,” “machine

learning,” “AI augmentation,” “deep learning,” OR “AI” AND
“Cardio-oncology,” “Cardiotoxicity,” “Cardiovascular toxicity,”
OR “Cardiac toxicity” AND “chemotherapy,” “anthracycline,”
“cytotoxic regimens,” “immunotherapy,” “Cancer treatment,”
OR “therapy-induced” AND “Imaging,” “Echocardiogram,”
“Echo*,“ “Cardiac magnetic resonance imaging,” “CMR,”
“Multigated acquisition,” “MUGA,” “Cardiac computed
tomography,” OR “CCT.”

Eligibility Criteria and Study Selection
Original studies reporting AI outcomes in adult patients
diagnosed with any type of cancer and undergoing cardiotoxicity
assessment were included. Outcomes included incidence of
cardiotoxicity, LVEF, risk factors associated with cardiotoxicity,
heart failure, myocardial dysfunction, signs of cancer
therapy–related cardiovascular toxicity (CTR-CVT),
echocardiography, and CMR. Non-English studies, case reports,
literature reviews, studies on children, and studies that did not
include CTR-CVT were excluded from this review.

Quality Assessment
The first, second, and third authors (MR, HM, and AR)
independently assessed the included articles according to the
42-item Checklist for Artificial Intelligence in Medical Imaging
(CLAIM) [28]. CLAIM is modeled after the Standards for
Reporting of Diagnostic Accuracy Studies guideline. It addresses
the application of AI in medical imaging, including
classification, image reconstruction, text analysis, and workflow
optimization [28]. Subsequently, the first, second, and third
authors cross-checked each other’s articles, and conflicts were
resolved through group discussion.

Risk of Bias
Finally, both HM and AO independently assessed the risk of
bias for each study across ROBINS-I’s (risk of bias in
nonrandomized studies - of interventions) 7 domains:
confounding, selection of participants, classification of
exposures, deviation from intended exposure, missing data,
measurement of outcomes, and selection of reported results.
Each domain was rated as low, moderate, serious, or critical
based on the each domain’s algorithm, with the most severe
rating across all domains determining the overall assessment
for each study. Any disagreements in the assessments were
discussed until a consensus was reached, with one reviewer
(DJ) ensuring consistent application of judgments. Additionally,
we engaged a fifth-year medical student experienced in
systematic reviews and various research projects to
independently evaluate the risk of bias for all included studies
using the same tool.

Statistical Extraction and Analysis
According to the CLAIM checklist, the first, second, and third
authors (MR, HM, and AR) extracted data from the included
studies. All discrepancies were resolved after a discussion, with
HM acting as an arbitrator. Descriptive information about each
study was recorded, including publication details (author, year,
and country), sample size, cancer type, imaging technique, AI
model, outcomes, and limitations. AO performed analysis, and
figures were generated using RStudio (version 2023.06.0; Posit
PBC).
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Results

Study Selection
A total of 883 articles were identified in the database search,
comprising 593 articles from PubMed, 267 from MEDLINE,

2 from CINAHL, and 21 from Elicit. After eliminating duplicate
titles and articles in non-English languages, 617 articles
remained. Then, the title and abstract of the 617 articles were
screened independently by the first and second authors (MR
and HM), and 44 remained. The authors reviewed full texts and
7 articles met the inclusion criteria (Figure 1).

Figure 1. PRISMA flow diagram of the systematic search of the databases for artificial intelligence in cardio-oncology imaging. PRISMA: Preferred
Reporting Items for Reviews and Meta-Analyses.

Quality Assessment of Included Studies
The quality assessment used the 42-item CLAIM. The
distribution and percentages of different sections and items of
CLAIM compliance are depicted in Figures 2 and 3. These

sections include title/abstract, introduction, methods, results,
discussion, and other information. Each section is categorized
into “No” and “Yes” groups, indicating whether it is reported
in the selected articles.
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Figure 2. CLAIM sections compliance. CLAIM: Checklist for Artificial Intelligence in Medical Imaging.
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Figure 3. CLAIM items compliance. CLAIM: Checklist for Artificial Intelligence in Medical Imaging.
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Based on the data, the title/abstract section was compliant in
93% of the articles (1 article was compliant with the title but
not the abstract, which was considered as half compliant). An
introduction section was included in all 7 articles, representing
100% compliance. Methods had 77% compliance, results
represented 77% compliance, and there was a discussion in 93%
of the articles, while other information was 76% compliant.
Items 5 and 6 of the checklist—specific to the study
methodology and design—were met as follows: 5 studies were
conducted prospectively, while the remaining 2 were conducted
retrospectively. Moreover, 4 studies were reported as feasibility
studies, 2 were exploratory studies, and 1 was a model creation
study. Finally, items 10 and 27 of the CLAIM criteria did not
apply to the 7 studies.

Characteristics of the Included Studies
In total, 7 studies conducted between 2018 and 2023 were
included, with 5 from the United States (Kar et al [29-31], Zhang
et al [32], Edalati et al [33]), 1 from China (Shen et al [34]),
and 1 from Taiwan (Chang et al [35]). Of these, 6 studies
involved patients with breast cancer with additional cancers
(eg, sarcoma, lymphoma, leukemia) in some cohorts. Imaging
modalities included MRI (4 studies: 3 displacement encoding
with stimulated echoes [DENSE] MRI, 1 CMR),
echocardiography (n=2), and nongated, noncontrast chest
computed tomography (CT) (n=1). AI approaches varied: 4
studies (57%) used convolutional neural networks (CNNs), 1
(14%) used ML, and 6 (86%) implemented image segmentation.
Table 1 provides demographic and descriptive data and Table
2 provides details of the AI components of the included studies.
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Table . Summary of the studies included in this review: demographic and descriptive data.

Imaging tech-
nique

Cancer typeTreatmentAge (years)GenderSample sizeStudy designAuthor, year,
country

Nongated and
noncontrast
chest computed
tomography for
coronary artery
calcium scoring
echocardiogra-
phy for cancer
therapy–related
cardiac dysfunc-
tion and major
adverse cardio-
vascular event

Diffuse large B-
cell lymphoma

Anthracycline>60: n=617,
<60: n=851

Male: n=785, fe-
male: n=683

N=1468Retrospective,
multicenter

Shen et al, 2023,
China [34]

Echocardiogra-
phy

Breast cancer;
stage I: n=50;
stage II: n=101;
stage III: n=52;
stage IV: n=8

Anthracycline,
trastuzumab

55.8 (SD 10.28)n=211N=211Prospective, sin-
gle center, with
3 years of fol-
low-up

Chang et al,
2022, Taiwan
[35]

Breast cancerAnthracycline,
trastuzumab, ra-
diotherapy

Baseline: 59.4
(SD 9.7); 3
months: 59.6
(SD 9.7); 6
months: 59.6
(SD 9.7)

Female n=32N=32ProspectiveKar et al, 2023,
United States
[31]

• DENSEa

• Magnetic
resonance
imaging

• Trans-
esophageal
echocardio-
gram

Breast cancerAnthracycline,
trastuzumab

IG: 54 (SD 9),
CG: 50 (SD 13)

IG female:
n=30; CG fe-
male: n=30

IGb: n=30; CGc:
n=30

ProspectiveKar et al, 2022,
United States
[30]

• DENSE
• Magnetic

resonance
imaging

Breast cancerAnthracycline,
trastuzumab

55.5 (SD 8.6)Female: n=42N=42ProspectiveKar et al, 2021,
United States
[29]

• DENSE
• Magnetic

resonance
imaging

Echocardiogra-
phy

Breast cancerTrastuzumab,
pertuzumab

CIC: 55CIC female:
n=152

Hypertrophy
cardiomyopathy:
n=260; echo:
n=14,035;

amyloidosis:

n=81; CICd:
n=152; pul-
monary arterial
hypertension:
n=27

Retrospective,
10 years

Zhang et al,
2018, United
States [32]

Cardiac magnet-
ic resonance
imaging

Breast cancer:
n=4, sarcoma:
n=3, lymphoma:
n=1, leukemia:
n=1, myeloma:
n=1

Not applicableCG: 52.6 (SD
21.2); IG: 47.6
(SD 13.6)

CG male: n=5;
CG female: n=5:
IG male: n=5;
IG female: n=5

CG: n=10, IG:
n=10

ProspectiveEdalati et al,
2022, United
States [33]

aDENSE: displacement encoding with stimulated echoes.
bIG: intervention group.
cCG: control group.
dCIC: chemotherapy-induced cardiotoxicity.
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Table . Summary of the studies included in this review: details of the artificial intelligence components in the included studies.

LimitationMain outcomesArtificial intelligence solutionAuthor, year, country

Artificial intelligence coronary
artery calcium scoring:

Shen et al,

2023, China [34]

• A larger sample is needed to
validate the model’s accuracy

• Cancer therapy–related cardiac
dysfunction

• Deep learning algorithm • Major adverse cardiovascular
events

• The study was limited to Chi-
nese patients• Image segmentation

• Bound the range of the heart
area

• Detect and segment the calci-
fied lesions in coronary arteries

• Calculate coronary artery calci-
um score

Machine learning:Chang et al, 2022, Taiwan [35] • A relatively small number of
included patients

• Cancer therapy–related cardiac
dysfunction• Multilayer perceptron

• Symptomatic heart failure with
reduced ejection fraction

• A tree-based estimator was
used to compute essential fea-
tures, and 15 features were in-
cluded in our multilayer percep-
tron model based on experts’
judgments.

Validated advanced artificial intelli-
gence methodologies

Kar et al, 2023, United States [31] • Single-center study without
external validation

• Global longitudinal strain
• Cancer therapy–related cardiac

dysfunction(DeepLabV3+) with fully convolu-
tional networks:

• No integration between cancer
therapy–related cardiac dys-• Adverse cardiac events

• Segmenting the DENSEa mag- function risk analysis by com-
bining circulating troponinnitude images for chamber
levels with global longitudinalquantification
strain measurements for a• Segmenting the DENSE phase

images for phase-unwrapping practical bivariable prognostic
approachand 3D strain analysis

Global longitudinal strainAn FCNb-based solution adapted
from the DeepLabV3+ network:

Kar et al,

2022,

United States [30]

• Comparing the performance of
phase unwrapping with
DeepLabV3+ to another FCN
such as PhaseNet.

• Phase-unwrapping FCN.
• Compared with conventional

unwrapping techniques, valida- • The relationship between the
wrapped phase and wrap counttion via phantom setup with
can be leveraged with moreknown displacements and 3D
arbitrary shapes rather thanstrain analysis in healthy pa-
round and ellipsoidal shapestients.
only.• Left ventricular volume was

estimated with previously vali-
dated DeepLabV3+.

• Computation of 3D myocardial
strains with the meshfree Radi-
al Point Interpolation Method

An automated left ventricular
chamber quantification tool (deep
learning):

Kar et al, 2021, United States [29] • Backbone networks such as
Xception, Inception, ResNet-
101, U Net, and others were

• Left ventricular end diastolic
diameter

• Left ventricular ejection frac-
tion• DCNNc and DeepLabV3+ with not tested for left ventricular

segmentation.• Myocardial strains analyzed
with the radial point interpola-

ResNet-50 backbone
• Some layers of the original

ResNet-50 to tailor DCNN for tion method

cardiac image segmentation
• DENSE-based results were

validated by corresponding
steady-state free precession
data in the same patients who
were trained using an identical
DeepLabV3+ DCNN.

• Chamber quantification and
strain analysis were done after
the image-based reconstruction
of the full 3D left ventricle.
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LimitationMain outcomesArtificial intelligence solutionAuthor, year, country

• Problems with segmentation
• Forced normalization to the

lower strain value because of
the lack of electrocardiogram
information, which can result
in biases in measurements, es-
timate of strain

• Lack of distinguished diagno-
sis of hypertrophy cardiomy-
opathy, amyloid, or any hyper-
trophic disease

• Lack of comparison of deep
learning models to onesbuilt
using hand-selected features
(left atrial mass or septal
thickness)

• Automated identification of 23
viewpoints segmentation of
cardiac chambers across 5
common views

• Quantification of structure and
function

• Detection of hypertrophic car-
diomyopathy

• Detection of cardiac amyloid
• Detection of pulmonary arterial

hypertension

A computer vision pipeline for auto-
mated 2D echocardiogram interpre-
tation:
• Convolutional neural network

for view classification
• Image segmentation
• Measurements of cardiac

structure and function disease
detection

Zhang et al, 2018, United States
[32]

N/Ad• Scan time difference
• Accuracy of cardiac plane pre-

scriptions
• Signal to noise ratio
• Contrast to noise ratio
• Overall image quality (sharp-

ness and magnetic resonance
image degradation)

• Ejection fraction
• Absolute wall thickening

EasyScan:
• Otsu method: segment heart

region
• Trained regression network:

distance map calculation

Edalati et al, 2022, United States
[33]

aDENSE: displacement encoding with stimulated echoes.
bFCN: fully convolutional network.
cDCNN: deep convolutional neural network.
dN/A: not applicable.

The included studies revealed significant clinical heterogeneity
across the studies. Study designs ranged from retrospective (eg,
Shen et al [34]: n=1468; Zhang et al [32]: n=260) to prospective
(eg, Chang et al [35]: n=211; Kar et al [29-31]: n=32‐42),
impacting sample size and follow-up duration (eg, 3 years in
Chang et al [35] vs 10 years in Zhang et al [32]). Imaging
modalities differed in application: echocardiography (Chang et
al [35], Zhang et al [32]) assessed LVEF and GLS; DENSE
MRI (Kar et al [29-31]) focused on strain analysis; CT (Shen
et al [34]) targeted coronary artery calcium scoring (CACS);
and CMR (Edalati et al [33]) evaluated image quality and
efficiency. AI techniques showed varied sophistication—CNNs
(eg, DeepLabV3+ in Kar et al [29-31], CNN pipeline in Zhang
et al [32]) and deep learning (Shen et al [34]) enhanced
segmentation and classification, while ML with multilayer
perceptron (Chang et al [35]) predicted outcomes like heart
failure with reduced ejection fraction.

Outcomes centered on CTR-CVT, with cancer therapy–related
cardiac dysfunction assessed in 5 studies (Shen et al [34], Chang
et al [35], Kar et al [31], Zhang et al [32], Edalati et al [33]),
GLS in 3 (Kar et al [29-31]), and LVEF in 3 (Kar et al [29],
Edalati et al [33], Zhang et al [32]). Shen et al [34] uniquely

linked CACS to major adverse cardiovascular events (MACE).
At the same time, Edalati et al [33] emphasized scan time and
signal-to-noise ratio. AI improved detection accuracy (eg,
automated CACS in Shen et al [34], GLS computation in Kar
et al [30,31]) and efficiency (eg, EasyScan in Edalati et al [33])
compared to manual methods. However, direct comparisons
across studies were limited by outcome diversity.

Common limitations included small sample sizes (eg, Chang et
al [35], Edalati et al [33]), single-center designs (eg, Kar et al
[31], Chang et al [35]), and lack of external validation (eg, Kar
et al [31]). Geographic restriction (Shen et al [34], Chinese
patients) and technical challenges (eg, segmentation issues in
Zhang et al [32]) further constrained generalizability.

Risk of Bias Assessment
The risk of bias assessment began with general considerations
for all studies, which included establishing a minimal set of
confounders identified by the reviewers as likely to introduce
bias in the observed associations. Next, each study was described
individually within the framework of an ideal target trial. The
consensus results from the evaluations of the 7 nonrandomized
studies are depicted in the “traffic light” plot shown in Figure
4.
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Figure 4. Traffic light plot of risk of bias assessment.

Discussion

Summary of Included Studies
In 2018, Zhang et al [32] published their work on automating
echocardiographic cardiac images using 14,035 echocardiograms
collected retrospectively spanning 10 years. Their study included
152 patients diagnosed with CTR-CVT and other patients with
other heart conditions such as hypertrophic cardiomyopathy
(n=260), amyloidosis (n=81), and pulmonary arterial
hypertension [32]. Zhang developed a model for view
classification in just a few steps. First, they taught the machine
to recognize individual echocardiographic views, where models
were trained using manual labels assigned to individual images.
Then, they used deep learning architecture for view
classification, designed to mimic how the visual system works
[32]. This process refers to multiple layers of neurons,
processing nodes tuned to recognize features within an image.
Afterward, they trained a 13-layer CNN and assessed the
accuracy using 5-fold cross-validation. Finally, they used
t-distributed stochastic neighbor embedding (an algorithm for
visualizing high-dimensional data) to cluster the output of the
top layer to visualize the output of their view classification
network [32]. By training the CNNs, Zhang could perform
image segmentation to locate cardiac chambers that derived
cardiac structure and function measurements to develop disease
classification models [32]. Zhang’s approach is intended to
enable data mining and knowledge extraction from the enormous
number of archived echocardiograms, which will have a
significant clinical impact by introducing relatively low-cost

quantitative metrics into clinical practice and enabling causal
insights that require systematic longitudinal tracking of patients
[32]. The study results favored using AI-automated
measurements over manual measurements across 11 internal
consistency metrics. One of these is the correlation between left
atrial and left ventricular volumes. This work is argued to have
laid the basis for using automated interpretation to support serial
patient tracking. Limitations to the study are the length of the
analysis period and room for bias. Moreover, the study did not
include the number of males or females involved, which may
affect the results.

Using a different imaging modality, Edalati et al [33] developed
EasyScan, which is automated cardiac planning, by developing,
training, and validating 2 deep neural networks on preacquired
cardiac MRI datasets (also known as cardiovascular magnetic
resonance). EasyScan is implemented with the CMR scanner
for automatic slice planning and shimming. The trial included
10 healthy individuals (5 males and 5 females) and 10
cardio-oncology patients (5 males and 5 females) undergoing
2 identical CMR protocols (manual cardiac planning versus
AI-based EasyScan) to assess the time difference and accuracy
of the cardiac plane. Moreover, Cine images were obtained for
the study participants with standard cardiac volume shim and
AI-shim to assess the signal-to-noise ratio, contrast-to-noise
ratio, overall IQ (sharpness and magnetic resonance image
degradation), LVEF, and absolute wall thickening [33].
EasyScan demonstrated accelerated cardiac exams compared
to standard manual cardiac planning and achieved an improved
and more uniform B0 magnetic field homogeneity using the
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AI-shim technique compared to volume shimming [33]. Eldalati
argued that his results suggest many potential positive outcomes
of implementing AI, including a more straightforward and faster
workflow chain by minimizing technique complexity. However,
a significant limitation of this study is the cohort size, as it is
considered small compared to other papers in this field.

Kar et al [29-31] used AI, deep learning, segmentation, and
fully convolutional networks (FCN) on the DENSE MRI
sequence imaging modality in their 3 studies. In the study
published in 2021, Kar et al [29] investigated the automation
of measuring left-ventricular strain with a quantification tool
via segmentation with a supervised deep convolutional neural
network (DCNN) before strain analysis with DENSE images
[29]. Kar and her team were able to introduce a novel and
automated DCNN architecture–based chamber quantification
methodology for detecting the extent of left-ventricular
myocardium in single-scan DENSE MRI for patients with breast
cancer susceptible to cardiotoxicity. Kar et al identified accurate
segmentation, chamber quantification, and subsequent strain
analysis in the myocardium as the main critical requirements
for engineering and developing this solution. After validation,
Kar et al emphasized that their DCNN-based segmentation can
provide accurate estimates of the left-ventricular chamber
quantification required in strain analysis.

Kar et al argued that their model can perform fast and
inexpensive automated measurements of cardiac strain as the
model can detect altered material properties. However, the
thresholds that define cardiac dysfunction caused by cancer
therapy are still an area that needs to be further studied [29].

In 2022, Kar and her team continued their work using DENSE
in developing another direct MRI-based, FCN-based,
deep-learning semantic segmentation approach for computing
GLS for patients with breast cancer [30]. This time, they
computed myocardial strains directly from the unwrapped phases
with the radial point interpolation method. They compared the
results of 30 patients with 30 healthy individuals, and the
difference in GLS results between the participants demonstrated
that the FCN is sensitive to unwrapping left ventricular data in
a heterogeneous cohort [30]. Moving forward with their work
on GLS computation, Kar and her team investigated early
alterations in prognostic factors such as GLS with standard Cox
proportional hazards regression for estimating the risk of
CTR-CVT incidents in patients with breast cancer undergoing
cancer treatment using their previously developed AI-FCN.

Moving forward, Kar and her team carried out a trial using their
tool to estimate the risk of developing cardiotoxicity in patients
with breast cancer using data from their previous studies [31].
The trial proved their hypothesis that GLS computation can be
used for early detection of CTR-CVT as an independent
prognostic method of left ventricular dysfunction [31]. The
advantage Kar et al had in their studies was that they were able
to validate their solution internally within their center. However,
their trials did not come without limitations. The solutions were
not validated externally with other centers, and there was a
greater sample for better accuracy measures [29-31]. In addition,
the phase unwrapping approach for GLS measures was not
compared to phase wrapping with another FCN, such as

PhaseNet, which is considered a significant limitation in their
conclusion [30].

Concurrently, in 2022, Chang et al [35] conducted another
single-center prospective study and included a larger sample
size of 211 patients diagnosed with breast cancer at different
stages [35]. Chang et al [35] aimed to establish an AI-based
predictive model for CTR-CVT using a cardio-oncology
program. They prospectively collected clinical information and
echocardiographic images from patients with breast cancer over
1 year. In their study, 2 echo technicians performed an
echocardiogram independently to measure the LVEF at baseline,
3 months, 6 months, and 1 year after patients received their
treatment. A cardiologist with a validated reliability and
reproducibility interpreted the images. Moving forward with
the AI solution, data were validated using a data mart for further
analysis. Then, we compared the accuracy, precision, sensitivity,
specificity, and area under the curve of the random forest,
logistic regression, support vector clustering, LightGBM,
K-nearest neighbour, and multilayer perceptron models. This
process yielded the best accuracy in predicting CTR-CVT [35].
Moreover, the multilayer perceptron showed the best results in
predicting heart failure with a reduced ejection fraction as an
early sign of myocardial dysfunction after the occurrence of
CTR-CVT [35].

Shen et al [34] conducted the most recent study in China in
2023. The study aimed to evaluate whether the pretreatment
CACS can stratify the risk of CTR-CVT and MACEs in patients
with diffuse large B-cell lymphoma (DLBCL). They
retrospectively collected nongated and noncontrast chest CT
scans of 1468 patients from 4 health centers in China, then used
a deep-learning–based algorithm software (CACScoreDoc) to
calculate the automatic CACS. CACScoreDoc automatically
calculated the CACS and transmitted the results to the doctors
after uploading the CT images to the software. The study showed
that automating CACS derived from chest CT scans done before
receiving the treatment is potentially helpful in identifying
patients at risk of developing CTR-CVT and MACEs in patients
with DLBCL receiving anthracycline chemotherapy, which can
guide clinicians to implement cardiovascular protective
strategies and minimize CTR-CVT in DLBCL patients [34].

Although cardiovascular events that are caused by cancer
medications vary in prevalence from one type of cancer and its
medication to another, they are still the second most common
cause of mortality in cancer survivors. To accurately predict
the risk of cardiotoxicity among individuals receiving cancer
treatment is still a great challenge in the cardio-oncology field
due to high cost, limited access to care, and inadequate
compliance with screening protocols. Therefore, noninvasive,
low-cost, accessible, innovative approaches to predict high-risk
individuals and detect cardiotoxicity early among patients with
cancer are critically needed to enable optimal screening, early
diagnosis, and timely interventions [36].

Current Versus Future AI Practice
The current tool used to investigate signs of cardiotoxicity is
medical imaging, with the 2 most used imaging modalities for
this purpose being the echocardiograph and CMR. However,
although these modalities have helped the medical field to
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achieve significant improvement in prognosis in this area, some
drawbacks hold them back from being optimal methods of
investigation. The echocardiograph is entirely user-dependent
in image reproducibility and results interpretation, leaving ample
room for bias and inconsistency. On the other hand, the CMR
is not always available due to its high cost. Therefore, more
robust, cost-effective methods and imaging protocols are needed
in this cardio-oncology area to optimize patient care [36].

Many health care disciplines have moved toward advancing
artificial intelligence and developing better ML algorithms as
they continue to improve patient care quality significantly. With
the availability of enormous volumes of patient data and
accessibility of proper hardware, AI and ML can accelerate the
pace of change in health care. These technologies can sift
through the data and analyze it much faster than humans, leading
to increased efficiency. ML is used to predict clinical risk factors
by feeding it with an enormous volume of data retrieved from
patient medical records or national datasets and registries or
detect cardiotoxicity via deep learning of patients’
cardiovascular images. In this review, the authors focused their
assessment on using AI and ML in cardiovascular imaging to
increase the diagnostic strength and accuracy in detecting
CTR-CVT.

This review included 7 studies that intended to assess the
implementation of AI in cardiovascular imaging among patients
with cancer. These studies examine the use of AI on MRI,
echocardiogram, and CT imaging modalities with different AI
technologies such as ML, CNNs, and image segmentation.

The future of imaging AI in cardio-oncology holds substantial
promise. This convergence of cutting-edge technologies,
encompassing molecular imaging, wearable devices, multiomics
data, and predictive modeling, is poised to transform
cardiotoxicity management in patients with cancer. These
advancements enable early detection and personalized risk
assessment and promise targeted interventions, ultimately
enhancing patient outcomes and survivorship. This future
trajectory in imaging AI aligns with the significant
advancements witnessed from ML to deep learning in AI,
revolutionizing robotics and autonomous systems’ capabilities
and enabling them to perceive, learn, and adapt with increased
efficiency and accuracy in complex environments. These
models, leveraging AI algorithms trained on diverse patient
cohorts and multimodal imaging data, could assist clinicians in
formulating proactive strategies for long-term cardiac care in
cancer survivors, thereby enhancing overall cardiovascular
health and quality of life.

Challenges of AI in Health Care
As promising as AI and ML sound to the advancement of
imaging in health care and the prediction of the risk of
developing cardiotoxicity among patients receiving cancer
treatment specifically, there are methodological and practical
limitations preventing these technologies from reaching their
full potential. The evidence base needs more prospective
validation of the technology and current workflow, including
evidence on the length of analysis required for validation and
the interoperator and interobserver variability to eliminate
manufactured variations that limit reproducibility [23].

Moreover, their usefulness in health care depends on
incorporating the AI tool in clinical decision-making as part of
the clinical practice routine, and that concern needs further
investigation [37]. Another inadequacy of AI applications in
health care is the systematic biases affecting patient
demographics, such as gender imbalance [38]. It is worth
mentioning that AI requires training on all kinds of populations
with different demographics to guarantee equal performance
from one population to another. It is recommended that multiple
massive datasets be combined either retrospectively or
prospectively to improve the generalizability of the ML process
and the training of AI models, which was not achieved by all
the included studies in this review [39].

Review Limitations
The first limitation we had while conducting this review was
the limited published evidence in the literature about the
application of imaging AI in cardio-oncology to predict
CTR-CVT. Therefore, we could not specify the cancer type or
treatment under investigation. Second, even though there is
significant literature on AI and imaging with different
modalities, when we narrowed it down to our criteria, which
was patients with cancer who are undergoing cardiotoxicity
assessment, the literature search resulted in 3 different imaging
modalities rather than studying AI with one specific imaging
technique at a time. This resulted in different outcomes that
prevented us from proceeding with a meta-analysis.

The use of AI in the medical field is a relatively new research
area. This review could be used to stimulate further research.
It can be used as groundwork for lab work to improve AI models
or inspire new ones. In addition, this review highlights the
positive outcomes of different studies in this area and their
limitations. It may encourage experts to improve the AI and
ML models and eventually implement them into medical
imaging, possibly leading to the advancement of the field.
However, given this field’s rapidly evolving nature, additional
studies may have been published since the initial search process
for this paper.

Conclusions
In conclusion, this systematic review highlights the promising
potential of AI in enhancing cardio-oncology imaging for
predicting cardiotoxicity in patients with cancer. Through
analyzing 7 studies conducted between 2018 and 2023, it
became evident that AI methodologies, including ML and deep
learning, can significantly improve the accuracy and efficiency
of cardiotoxicity assessments across various imaging modalities,
such as echocardiography and CMR.

The review underscores that AI-driven tools have demonstrated
improved clinical outcomes by enabling earlier detection of
cardiovascular complications associated with cancer therapies.
However, while the findings are encouraging, the limited
number of studies and their varying methodologies indicate a
need for further research. This includes conducting larger,
multicenter trials to validate AI applications in diverse patient
populations and refine these technologies for routine clinical
use.
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In light of these insights, collaboration among data scientists,
health care professionals, and researchers is essential to
advancing AI’s integration in cardio-oncology. This

collaboration will pave the way for personalized medicine
approaches, ultimately enhancing patient care and improving
the quality of life for cancer survivors at risk of cardiotoxicity.
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Abstract

Background: Cancer imposes significant physical and emotional distress not only on patients, but also on their caregivers. In
recent years, there has been a growing focus on the mental and physical well-being of caregivers. Among various psychological
interventions, cognitive behavioral therapy (CBT) is widely recognized as one of the most effective approaches. However,
traditional CBT is often limited by time and geographical constraints, resulting in delayed or inefficient support for caregivers.
Internet-based cognitive behavioral therapy (ICBT) presents a valuable alternative for alleviating the caregiving burden and the
negative emotions experienced by caregivers.

Objectives: This study aimed to provide a scoping review of ICBT interventions for caregivers of patients with cancer, examining
intervention content, outcome measures, and effectiveness and to offer insights and references for the development and clinical
applications of ICBT programs tailored to caregivers of patients with cancer in China.

Methods: Relevant literature was systematically searched in PubMed, Web of Science, Cochrane Library, CINAHL, Embase,
China National Knowledge Infrastructure (CNKI), Wanfang Data, and VIP Chinese Journal Database. The search timeframe was
from database inception to June 6, 2024. Inclusion criteria encompassed intervention studies that implemented cognitive behavioral
therapy for caregivers of patients with cancer via the internet, WeChat (Tencent), or mobile electronic devices. This category
includes both randomized and nonrandomized controlled trials.

Results: A total of 12 studies met the criteria and were included in the review. The intervention content included the following
components: treatment initiation and brief introduction (5/12, 41%), cognitive education and restructuring (7/12, 58%), emotional
expression and coping (6/12, 50%), cognitive restructuring and reinforcement (4/12, 33%), behavioral training and activation
(9/12, 75%), problem-solving techniques (4/12, 33%), communication (5/12, 41%), and completion of treatment with follow-up
consolidation (3/12, 25%). The intervention duration typically ranged from 6 to 8 weeks. Outcome indicators encompassed
feasibility and acceptability, anxiety, depression, caregiver burden, and quality of life. ICBT demonstrated positive effects for
caregivers of patients with cancer. Most intervention programs were feasible and acceptable, with 2 out of 5 feasibility studies
reporting recruitment rates below 50%. Attrition rates across studies ranged from 3% to 16%, and caregivers expressed satisfaction
with the information, quality, and skills provided. ICBT exhibits a moderate effect in diminishing negative emotions among
caregivers and alleviating caregiver stress. However, its impact on improving quality of life is not statistically significant,
underscoring the need for long-term follow-up.

Conclusions: The implementation of ICBT for caregivers of patients with cancer has demonstrated beneficial outcomes, attributed
to its practicality and flexibility, which contribute to its greater acceptance among caregivers. Nevertheless, there is significant
heterogeneity in intervention format, duration, and outcome indicators. It is necessary to develop optimal intervention strategies
and secure online platforms based on the cultural background in China to improve the quality of life of caregivers.

(JMIR Cancer 2025;11:e67131)   doi:10.2196/67131
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Introduction

The incidence and mortality rates of cancer are rapidly
increasing globally. According to the International Agency for
Research on Cancer, there were 19.29 million new cancer cases
and 9.96 million cancer deaths worldwide in 2020, and the rise
in cancer incidence and mortality rates has resulted in a
significant disease burden on people [1]. The diagnosis and
long-term treatment of cancer not only cause adversity for
patients but also impose psychological stress and burdens on
caregivers [2]. Caregivers of patients with cancer refer to
informal caregivers, including family members, partners, or
friends. They provide unpaid social, emotional, and economic
support to a family member with cancer requiring care and are
involved throughout the patient’s symptom management and
nursing [3,4]. Caregivers attend to the daily needs of patients
and fulfill family responsibilities; they also serve as the patient’s
primary emotional support. Due to complex treatment
environments, a lack of disease-related knowledge, and
significant economic burdens, caregivers often experience
negative emotions such as anxiety and depression [5]. Zhou et
al [6] found that 60.7% of caregivers of patients with cancer
experience sleep disturbances. Yang et al [7] conducted a survey
involving 116 caregivers of terminally ill patients with cancer
receiving home care, revealing that 83.62% of the caregivers
reported experiencing moderate to severe fatigue, primarily
characterized by physical fatigue. Geng et al [8] reported that
the prevalence of anxiety and depression among caregivers of
patients with cancer was 46.55% and 42.30%, respectively, with
62% of caregivers bearing a heavy burden that negatively
affected their daily lives. Therefore, attention should be given
to the physical and mental health of caregivers, along with the
provision of appropriate supportive care.

Current interventions for caregivers of patients with cancer
include psychosocial support, education, and informational
support [9]. Cognitive behavioral therapy (CBT) has received
considerable attention owing to its robust theoretical foundation,
brief treatment duration, and well-defined structural approach.
However, traditional CBT is often influenced by economics,
time, and spatial factors, preventing some caregivers from
accessing effective help and support [10]. In recent years, with
the rise of the “Internet+Healthcare” service model,
internet-based cognitive behavioral therapy (ICBT) has emerged.
ICBT is an internet-based treatment approach that uses tools
such as computers and mobile devices to deliver the core content
and skills of CBT through text, video, images, and audio [11].

ICBT addresses the limitations of CBT in its application. Some
caregivers concentrate on caregiving behaviors, frequently
suppressing their own emotions, which may lead to distress
stemming from a deficiency in caregiving skills. ICBT provides
caregivers with a discreet online platform that allows them to
access relevant information at any time through simple and
user-friendly self-service methods, facilitating timely

communication with health care professionals and enhancing
their cognitive abilities. In addition, techniques such as
emotional guidance and relaxation training are used to alleviate
caregiver stress and improve their quality of life (QoL) [12,13].
Existing studies have shown that ICBT can mitigate the
anticipatory grief experienced by caregivers of patients with
cancer, decrease caregiving burden, and improve their
self-efficacy [14].

Currently, research on the application of ICBT for caregivers
of patients with cancer is steadily growing. However, there is
significant heterogeneity in the forms of online interventions,
intervention content, and outcome indicators. To gain a
comprehensive understanding of the current research status of
ICBT, this study uses a scoping review to systematically analyze
pertinent studies from both domestic and international contexts.
Our goal is to provide references to promote the use and
dissemination of ICBT among caregivers of patients with cancer
in China.

Methods

Study Design and Framework
This scoping review adhered to the methodological framework
developed by the Joanna Briggs Institute (JBI; 2019) [15]. The
reporting follows the PRISMA-ScR (Preferred Reporting Items
for Systematic Reviews and Meta-Analyses Extension for
Scoping Reviews) guidelines (Checklist 1).

Research Questions
The review addressed three key questions: (1) what are the
intervention components of ICBT for caregivers of patients with
cancer?; (2) what are the intervention forms, duration, and
evaluation time points for ICBT?; and (3) what are the outcome
indicators and effects of ICBT interventions?

Search Strategy
A systematic search was conducted across 9 databases, including
CNKI, Wanfang Database, China Biomedical Literature
Database, VIP, PubMed, Web of Science, Embase, CINAHL,
and Cochrane Library. The search timeframe extended from the
establishment of the databases to June 6, 2024. A combination
of subject headings and free-text terms was used. The search
strategy was formulated with the guidance of a librarian. The
English search terms were “neoplas*, carcinoma*, tumor,
oncology, cancer*;” “Cognitive Behavio*, Behavio* Therap*,
Cognitive Therap*, ICBT, cognitive behavioural therapy,
CCBT;” “online, network, Internet, smartphone, telephone,
computer;” and “caregiver*, spouse, family, informal caregiver,
couple*.” The search strategy for each database was documented
in the Multimedia Appendix 1.

Study Selection
The eligibility criteria is presented in Textbox 1.
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Textbox 1. Inclusion and exclusion criteria for article selection.

Inclusion criteria:

• Study participants: caregivers of confirmed (by pathology or imaging) patients with cancer, including offspring, parents, and spouses, aged 18
years or older.

• The intervention emphasizes the implementation of cognitive behavioral therapy via the internet, WeChat, mobile devices, or other applications.

• Literature type: original research, including randomized controlled trials or quasiexperimental studies.

• Published literature in both Chinese and English.

Exclusion criteria:

• Literature for which the full text could not be obtained.

• Duplicated publications.

• Conference abstracts.

• Research protocols, reviews, and case studies.

Data Extraction and Quality Assessment
The literature search results were imported into EndNote X9
for duplicate removal. Two independent reviewers (CTS) and
(XML) screened titles, abstracts, and full texts against the
predefined inclusion and exclusion criteria. Discrepancies were
resolved through discussion with a third researcher to reach
consensus. One reviewer (CTS) extracted study data using a
standardized Microsoft Excel form, capturing authors,
publication year, country, design, population characteristics,
sample size, interventions, and outcomes, with a second reviewer
(XML) independently verifying the accuracy and completeness
of all extracted data. For included randomized controlled trials,
we conducted quality assessments using the Cochrane Risk of
Bias Tool (version 5.1.0) [16], categorizing studies as grade A
(low risk), B (moderate risk), or C (high risk), with any

discrepancies resolved through consultation with a third
researcher to reach consensus.

Results

Study Selection and Characteristics
The systematic search identified 1005 records, with 12 studies
meeting inclusion criteria after screening (Figure 1) [14,16-26].
The studies (2013‐2023) represented diverse geographic
regions, such as the United States (4/12, 33%), Australia (3/12,
25%), China (3/12, 25%), Lithuania (1/12, 8%), and Germany
(1/12, 8%). Study designs included randomized controlled trials
(9/12, 75%), quasi-experimental (1/12, 8%), mixed-methods
(1/12, 8%), and feasibility studies (1/12, 8%). Quality
assessment of randomized controlled trials (RCTs) indicated
moderate methodological rigor (B-level). Table 1 details the
basic characteristics of the included studies.
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Figure 1. Literature screening process diagram.
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Table . Basic characteristics of included literature.

ResultsOutcome indica-
tors; evaluation
time

Intervention and
groups

Sample (example,
T/C)

Interference objectsStudy typeReference

Engagement was
modest; CCO result-

Primary outcomes:
feasibility and ac-

13Carers of adult pa-
tients with cancer

Feasibility of the
intervention

Scott et al [17] • Therapist-ad-
ministered 6-

week ICBTa ed in large overall
reductions

in negative affect
(Cohen d=0.88)

ceptability; sec-
ondary outcomes:
negative affect, dis-
tress, QoL; 2-time
point evaluation
(pre-post)

receiving curative
treatment program via

website and
email.

• CCOb compo-
nents includ-

and small reduc-
tions in cancer-spe-
cific distress (Co-ed: starting
hen d=0.37), smalltreatment;
to moderate increas-
es in QoL.

coping with
physical
symptoms and
side effects;
coping with
emotional dis-
tress; body
image, identi-
ty and sexuali-
ty; family and
friends; com-
pleting treat-
ment.

The psychologist-
led intervention

Primary outcomes:
psychological; can-

345/345Patients with can-
cer and caregivers

RCTdChambers et al [18] • A 5-session
psychologist
cognitive-be- demonstrated reduc-cer-specific distress

tions both psycho-and posttraumatichavioral inter-
logical distressgrowth; 4-timevention deliv-
(Cohen d=0.2,point evaluationered by tele-
P<.001) and can-(pre-3-6-12

months).
phone (psy-
choeducation;
coping and

cer-specific distress
(Cohen d=0.77,

stress manage- P<.001), while also
ment skills; enhancing positive
problem solv- adjustment (Cohen
ing; cognitive d=0.82, P<.001)
therapy; en- from baseline to 12

months.hancing sup-
port net-
works).

• A single ses-
sion of nurse-
led self-man-
agement inter-
vention.
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ResultsOutcome indica-
tors; evaluation
time

Intervention and
groups

Sample (example,
T/C)

Interference objectsStudy typeReference

Small effects in fa-
vor of TSM were
found regarding
caregiver self-effi-
cacy for managing
their own emotions
and perceived so-
cial constraints
from the patient.

Primary outcomes:
depression and
anxiety; secondary
outcomes: self-effi-
cacy and caregiver
burden; 3-time
point evaluation
(baseline-2‐6
weeks postinterven-
tion).

• Psychologists
and clinical
social workers
delivered the

TSMe inter-
vention to par-
ticipants via
telephone,
with 4 weekly
sessions.

• TSM compo-
nents includ-
ed: relaxation;
cognitive re-
structuring;
problem-solv-
ing; self-
soothing/emo-
tion-focused
approach;
pleasant activi-
ties; activity
pacing; com-
munication;
plan for contin-
ued skills
practice.

• Education or
support

51 pairs/55 pairsPatients with lung
cancer and their
family caregivers

RCTMosher et al [19]

Headspace signifi-
cantly improved
mindfulness
(P=.03) with border-
line significant ef-

fects on PTGIg new
possibilities
(P=.06) versus con-
trols

Primary outcomes:
mindfulness and
quality of life; sec-
ondary outcomes:

distress; posttrau-
matic growth; fa-
tigue; sleep quality;
2-time point evalua-
tion (pre-post).

• Psychologists,
psychosocial
workers, and
nurses imple-
mented the 8-
week
Headspace
program
through web-
site or mobile
apps.

• Headspace:
encourage par-
ticipants to
first complete
a 30-day
mindfulness
meditation
foundation
course; they
can also
choose 10 to
30 days of re-
lated symp-
tom or medita-
tion courses.

• UCf

Patients: 54/43;
caregivers: 17/14

Patients undergoing
cancer chemothera-
py and caregivers

2-arm RCTKubo et al [20]

31/32Caregivers of indi-
viduals with demen-
tia, cancer, or other
illnesses

2-arm RCTBiliunaite et al [21]
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ResultsOutcome indica-
tors; evaluation
time

Intervention and
groups

Sample (example,
T/C)

Interference objectsStudy typeReference

ICBT showed large
effects on burden
reduction (P<.001)
and stress (P<.001),
moderate effects on
anxiety (P=.004)
and depression
(P=.01), and signif-
icant QoL enhance-
ment (P=.001).

Primary outcome:

CBIh; secondary
outcomes: depres-
sion, anxiety,
stress, and QoL; 2-
time point evalua-
tion (pre-post).

• Therapists im-
plemented an
8-week ICBT
program
through the
Slaugau Arti-
ma website.

• ICBT: intro-
duction;
thoughts;
stress and re-
laxation; prob-
lem solving;
communica-
tion; anxiety;
behavioral ac-
tivation; and
maintenance.

• UC

At the 6-month fol-
low-up, the inter-
vention demonstrat-
ed statistically sig-
nificant improve-
ments in resilience
(P=.01) and depres-
sive symptoms
(P=.04), but failed
to show significant
QoL enhancement
(P=.38), although
the experimental
group showed nu-
merically higher
QoL scores than
controls.

Primary outcome:
resilience; sec-
ondary outcomes:
depressive symp-
toms and QoL; 3-
time point evalua-
tion (pretreatment,
2 and 6 months af-
ter the intervention
began).

• Psychologists,
doctors, and
nurses imple-
mented the 8-
week a mobile
device–based
resilience
training pro-
gram.

• Resilience
training pro-
gram: under-
standing the
purpose of in-
tervention, re-
laxation tech-
nique training,
problem-solv-
ing skills, cog-
nitive restruc-
turing, promot-
ing good rela-
tionships, and
cultivating
positive perfor-
mance and be-
liefs, etc.

• UC

52/51Parents of children
diagnosed with
cancer

RCTLuo et al [22]

Most Cascade par-
ents were satisfied
and reported experi-
encing benefits
from the program.
However, Cascade
did not improve
their main out-
comes, including
parents’ quality of
life, depression and
anxiety.

Feasibility; accept-
ability; safety; effi-
cacy (QoL; psycho-
logical outcomes);
4-time point evalua-
tion (baseline, 2‐
4 weeks post-inter-
vention; 2‐4
weeks post-booster
and 6 months
postintervention).

19/18/19Parents or care-
givers of children

3-arm RCTWakefield et al
[23]
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ResultsOutcome indica-
tors; evaluation
time

Intervention and
groups

Sample (example,
T/C)

Interference objectsStudy typeReference

• Psychologist-
delivered on-
line interven-
tion.

• Cascade: intro-
duction and
behavioral ac-
tivation; identi-
fying and
challenging
unhelpful
thoughts;
mindfulness
and disengage-
ment; skills
for fostering
relationships
and living a
rich life after
cancer; boost-
er session.

• Peer-support
or waitlist.

85.7% participants
completed all 7 ses-
sions, over 80% of
caregivers rated
MAC as “moderate-
ly” to “very” help-
ful. MAC dyads
experienced a
greater reduction in
anxiety than dyads
in usual care with
smaller changes in
depression and
quality of life.

Feasibility, accept-
ability, participant
adherence, anxiety,
depression, and
QoL; 2-time point
evaluation (pre-
post).

• Social work-
ers provide 7-
session over
the telephone.

• MACi: this in-
cludes provid-
ing informa-
tion on treat-
ment methods
for the elder-
ly, addressing
the
widespread
shame associ-
ated with psy-
chological ser-
vices among
the elderly,
and integrat-
ing strategies
to address
cancer-specif-
ic stressors
during the in-
tervention pro-
cess.

• UC

14 pairs/14 pairsOlder adults with
cancer and their
caregivers

RCTTrevino et al [24]

44/43Caregivers of can-
cer bereavement

RCTKaiser et al [25]
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ResultsOutcome indica-
tors; evaluation
time

Intervention and
groups

Sample (example,
T/C)

Interference objectsStudy typeReference

ICBT reduced
symptoms of pro-
longed grief (Co-
hen d=0.80;
P<.001) to a clini-
cally significant ex-
tent. It had favor-
able effects on de-
pression, anxiety,
posttraumatic
stress, posttraumat-
ic growth, and
overall mental
health but not on
somatization, sleep
quality, or physical
health.

Primary outcome:
prolonged grief;
secondary out-
comes: depression,
anxiety, posttrau-
matic stress, post-
traumatic growth,
somatization, sleep
quality, and mental
and physical health;
5-time point evalua-
tion (baseline, post-
treatment, and 3‐
6-12 months).

• Caregivers
completed 2
self-scheduled
45-minute
writing ses-
sions weekly
via a website.

• ICBT: 10
structured
writing tasks,
3 modules
(self-con-
frontation;
cognitive
reappraisal;
and social
sharing).

• Waitlist

ICBT significantly
reduced the detec-
tion rate of psycho-
logical distress
(P<.05) and im-
proved quality of
life (P<.01) among
patients.

The patients’ dis-
tress and QoL; 2-
time point evalua-
tion (pre-1 month
after intervention).

• Psychological
counselors
and nurses de-
livered an 8-
week ICBT
program
through
WeChat (Ten-
cent) public
platform and
offline group
sessions.

• ICBT: psycho-
logical diagno-
sis; cognitive
education; be-
havior train-
ing; emotional
expression;
consolidate
follow-up.

• UC

53 pairs/53 pairsPatients undergoing
cervical cancer
chemotherapy and
their spouses

RCTYang et al [26]

Although the

P1CaLLl pilot
achieved limited
recruitment feasibil-
ity (45.3% enroll-
ment), its high ac-
ceptability (84%
completion) and
preliminary effica-
cy signals across
multiple caregiver
outcomes (stress
reduction, isolation
mitigation, and
self-control im-
provement) support
further develop-
ment.

Primary outcome:
acceptability and
feasibility; sec-
ondary outcomes:
caregiver distress;
caregiver burden;

PACk; caregiver
grief; anxiety and
depression; 2-time
point evaluation
(pre-post).

23 quantitative cas-
es; 5 qualitative
cases

Caregivers of a
phase 1 oncology
trial patient

Mixed researchCarr et al [27]
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ResultsOutcome indica-
tors; evaluation
time

Intervention and
groups

Sample (example,
T/C)

Interference objectsStudy typeReference

• Clinician-ad-
ministered
telephone in-
tervention
comprised 4

CBMSj+4 ran-
domized CBT
sessions
across 9
weeks.

• CBSM: mind-
body connec-
tion; coping
skills; commu-
nication; and
social support;
metta medita-
tion.

• CBT: intro to
CBT-tracking
automatic
thoughts;
identifying
distorted
thoughts; chal-
lenging distort-
ed thoughts;
core beliefs or
relapse preven-
tion

ICBT demonstrated
significant efficacy
in reducing care-
givers’anticipatory
grief levels
(P<.001), alleviat-
ing caregiving bur-
den (P<.001), and
enhancing self-effi-
cacy (P<.001).

Care burden, antici-
patory grief, and
self-efficacy; 3-
time point evalua-
tion (pretreatment,
posttreatment 6-12
weeks).

• Physicians
and nurses ad-
ministered
ICBT through
a website and
WeChat
groups, includ-
ing twice-
weekly digital
content and
monthly peer
support video
sessions.

• ICBT: basic
knowledge;
symptom edu-
cation; com-
mon knowl-
edge of home
care; relax-
ation training;
social support

• UC

38/38Caregivers of pa-
tients with cancer

Quasiexperimental
study

Wang [14]

aICBT: internet-based cognitive behavioral therapy.
bCCO: cancer coping online.
cQoL: quality of life.
dRCT: randomized controlled trial.
eTSM: telephone-based symptom management.
fUC: usual care.
gPTGI: posttraumatic growth inventory.
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hCBI: caregiver burden inventory.
iMAC: managing anxiety from cancer.
jCBSM: cognitive behavioral stress-management.
kPAC: positive aspects of caregiving.
lP1CaLL: Phase 1 Caregiver LifeLine.

Intervention Content
The included studies incorporated the following key components
in their ICBT interventions for caregivers (Textbox 2).

Textbox 2. Key components of internet-based cognitive behavioral therapy interventions for caregivers.

• Treatment introduction: a total of 5 studies [14,17,21,23,26] initiated interventions with an introductory phase, wherein researchers presented
the medical center and care team to establish caregiver-provider collaboration. Before intervention delivery, caregivers underwent baseline
assessments, received psychoeducation on cognitive-behavioral therapy principles, and were guided on study protocols to optimize adherence.
In addition, they were encouraged to set personalized goals to enhance engagement and motivation.

• Cognitive education and restructuring: a total of 7 studies [14,18,19,22,24-26] incorporated structured modules to help caregivers reframe
maladaptive cognitions. Through perspective-taking exercises and peer-sharing sessions, participants were educated on disease-related knowledge
to foster accurate perceptions of cancer. This component also emphasized symptom recognition training to improve timely and appropriate
caregiving responses.

• Emotional expression and coping: a total of 6 studies [17-19,21,26,27] assessed caregivers’ emotional states using standardized questionnaires
or individual interviews, followed by discussions on psychosocial impacts. To mitigate distress, interventions introduced techniques such as
cognitive restructuring diaries, mindfulness meditation, and progressive relaxation training.

• Cognitive restructuring and reinforcement: a total of 4 studies [22,23,25,27] focused on identifying and modifying maladaptive thought patterns.
Caregivers were taught to recognize automatic thoughts and common cognitive distortions. Through guided exercises, they practiced challenging
unhelpful beliefs to cultivate healthier cognitive frameworks.

• Behavioral training and activation: the most frequently implemented component (9 studies [14,17,19-24,26]) involved skill-building through
evidence-based techniques such as progressive muscle relaxation, diaphragmatic breathing, music therapy, and guided imagery. Caregivers
selected preferred modalities based on individual capacity and preferences. Protocols also emphasized self-care strategies, including scheduled
personal time and reward systems.

• Problem-solving techniques: a total of 4 studies [18,19,21,22] trained caregivers in structured problem-solving. Participants learned to deconstruct
challenges, identify barriers, evaluate coping strategies, and implement solutions. Postintervention, they monitored outcomes and adjusted
approaches through reflective practice to enhance long-term adaptive skills.

• Communication: a total of 5 studies [17,19,21,23,27] addressed communication dynamics, exploring how caregiving roles influenced interpersonal
interactions. Caregivers practiced maintaining or improving intimacy through verbal and nonverbal techniques, sustaining social connections,
and fostering supportive relationships.

• Completion of treatment and consolidation follow-up: a total of 3 studies [17,21,26] concluded with a review phase, summarizing key concepts
and reinforcing long-term skill retention. Caregivers were guided in self-directed practice, goal reflection, and future planning to sustain intervention
benefits long-term skill retention. Caregivers were guided in self-directed practice, goal reflection, and future planning to sustain intervention
benefits.

The included studies typically incorporated 3‐5 core
intervention modules. Following each intervention session,
participants were required to complete structured homework
assignments, which included documenting caregiving-related
emotional experiences, evaluating automatic thoughts using
thought records, emotional expression through writing exercises
[21], completion of structured writing tasks [25], and home
practice of acquired skills [19,20].

The reviewed literature revealed 2 distinct ICBT delivery models
for caregivers. Seven studies [14,17,21-23,25,27] implemented
caregiver-specific interventions focusing on cognitive
restructuring, emotional regulation training, and evidence-based
relaxation techniques to enhance multidimensional wellbeing.
Alternatively, 5 studies [18-20,24,26] used dyadic approaches
that simultaneously engaged both patients and caregivers
through adapted protocols delivered in either parallel or joint
therapeutic sessions. Both models demonstrated effectiveness

in addressing the psychological needs of caregivers while
accounting for different caregiving contexts.

Intervention Elements
The ICBT interventions examined in this study comprised
several key components, such as delivery modality, provider
qualifications, intervention duration, and evaluation timelines.
The primary delivery modalities included web-based platforms
(4/7, 57%) studies with real-time psychologist support or email
feedback [14,17,20-22,25,26], telephone sessions (45‐60 min)
[18,19,24,27], and video conferencing [23]. Interventions were
predominantly delivered by psychotherapists, with 1 study [22]
using a multidisciplinary team (psychologists, physicians, and
nurses). Intervention duration varied (most commonly 6‐8
weeks [17,20-22,26]) depending on content and format.
Telephone sessions typically lasted 45‐60 minutes [19,24],
though some flexible protocols permitted completion within 1
week [14,17,21,26]. Effectiveness was evaluated at 3 time
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points: (1) baseline (preintervention, confirming group
comparability [P>.05]), (2) postintervention, and (3) follow-up
(1‐12 months) in 4 studies [18,22,23,25]. Qualitative
components (semistructured interviews) were included in 2
studies [17,27] to assess participant experiences.

Outcome Indicators and Effectiveness Evaluation of
Interventions
The ICBT interventions evaluated 7 primary outcome measures:
feasibility (n=4 studies [17,23,24,27]), acceptability (n=4 studies
[17,23,24,27]), QoL (n=8 studies [17,20-26]), caregiver burden
(n=4 studies [14,19,21,27]), psychological distress (n=11 studies
[14,17-25,27]), posttraumatic growth (n=3 studies [18,20,25]),
and self-efficacy (n=3 studies [14,19,23]).

Feasibility
Feasibility was assessed based on recruitment, retention, and
completion rates. In total, 2 studies [17,27] reported recruitment
rates below 50%, primarily attributed to participants’ aversion
to online support, lack of interest, demanding work schedules,
and substantial caregiving commitments. Although most
participants completed all intervention modules, attrition
occurred due to heightened psychological distress, time
constraints, or deterioration of the care recipient’s health [20].
Attrition rates generally ranged from 3% to 16%, with one
exception reaching 31% [17]. Qualitative analysis suggests this
discontinuation pattern may result from both the lack of
personalized engagement in digital interventions and deliberate
withdrawal after achieving therapeutic objectives.

Acceptability
Acceptability was assessed through participant-reported
satisfaction with both intervention content and engagement
modalities. Many caregivers expressed positive feedback
regarding the intervention, stating that “the online intervention
is convenient, time-saving, and practical,” “they were satisfied
with the information and quality provided,” “the skills learned
were relevant to cancer treatment,” and “the intervention courses
helped alleviate stress.” However, 1 study [17] indicated that
33% of participants felt the intervention did not adequately
address the needs of caregivers, while another study revealed
disagreement about whether patients and caregivers should be
treated together. Specifically, 45% of caregivers preferred
individual interventions, 36.4% favored some combined
treatment, and 18.2% preferred fully integrated interventions.

Psychological Outcomes of Caregiver Intervention
Cognitive-behavioral interventions demonstrated measurable
benefits for caregiver mental health. The stress management
program by Carr et al [27] significantly improved caregivers’
stress coping abilities (effect size r=0.39), while 2 other trials
[14,21] reported statistically significant reductions in caregiver
burden (P<.05). Caregivers often experience negative emotions
such as anxiety, depression, or sadness due to prolonged
caregiving and stress [28]. ICBT interventions showed moderate
efficacy in alleviating anxiety and depression [17,21], with the
structured writing intervention (“Online-Trauertherapie”) by
Kaiser et al [25] producing effect sizes ranging from 0.29 to
0.84 across multiple psychological domains. Notably, Trevino
et al [24] found patient-caregiver anxiety changes were

positively correlated, though other psychological outcomes
showed nonsignificant associations. Some studies [23,29]
reported limited effects on anxiety or depression, potentially
due to low baseline distress levels or requiring specific
intervention components (eg, guided imagery) to achieve
psychological benefits.

QoL
The included studies reported mixed effects on caregiver’s QoL.
A total of 4 trials [17,20,21,25] demonstrated statistically
significant QoL improvements following intervention. Notably,
one spouse-focused intervention [26] showed significant patient
QoL benefits, suggesting potential secondary effects. However,
3 studies [22-24] found no significant QoL changes for
caregivers, potentially due to shorter intervention durations or
differing outcome measures.

Discussion

Principal Findings and Comparison With Previous
Work
This study examines the existing research on ICBT interventions
for caregivers of patients with cancer. A systematic review of
12 eligible studies revealed that ICBT is a feasible and
acceptable approach for this population. The findings suggest
that ICBT may alleviate anxiety and depressive symptoms
among caregivers, with some studies additionally reporting
reduced caregiver burden and enhanced self-efficacy.

These findings are consistent with previous studies,
demonstrating the acceptability and feasibility of ICBT when
applied to caregivers. For instance, Meichsner et al [30]
observed high satisfaction and enhanced well-being among
dementia caregivers following ICBT. Similarly, Tur et al [31]
documented strong participant satisfaction in an ICBT program
for prolonged grief disorder, with 75% of participants achieving
clinically significant reductions in depressive symptoms and
50% demonstrating meaningful improvements in grief-related
cognitions. Further corroborating these results, Titov et al [32]
reported that 63% of individuals with generalized anxiety
disorder experienced significant anxiety reduction after ICBT,
with concurrent improvements in comorbid depression.

However, the effects of ICBT on caregivers’ QoL were
inconsistent across studies. While some improvement in QoL
was observed, the overall effect was not statistically significant,
possibly due to the relatively short intervention duration.
Although follow-up assessments were conducted in some
studies, no significant differences in QoL were detected. Li et
al [33] suggested that improvements in QoL generally require
a longer time to manifest compared with behavioral or mental
health changes. In addition, multiple factors, such as caregivers’
socioeconomic status, age, caregiving duration, coping
strategies, the patient’s clinical condition, and available social
support may influence intervention outcomes [34]. Therefore,
future studies should implement multidimensional assessments
of caregiver well-being (addressing physical, psychological,
emotional, and social domains) to inform personalized
interventions, while extending intervention durations to better
evaluate long-term QoL outcomes.
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This scoping review synthesizes existing literature on ICBT
interventions for caregivers of patients with cancer, offering
key insights into the current evidence base. Our findings
highlight the feasibility and acceptability of most programs;
however, recruitment challenges were evident, with a substantial
proportion of eligible caregivers declining participation.
Furthermore, enrolled participants exhibited high attrition rates.
To enhance intervention engagement and retention, future
studies should focus on precise population targeting, refined
inclusion criteria, and proactive baseline assessments to identify
and support at-risk caregivers.

Population Specificity and Methodological Variability
Among the included studies, 3 investigations [21,24,25]
specifically targeted subgroups with distinct characteristics,
such as caregivers exhibiting elevated anxiety levels or
heightened caregiving burdens. Another 3 studies [19,26,27]
enhanced research specificity by focusing on particular cancer
types. Several studies treated patient-caregiver dyads as
intervention units [24,26], demonstrating that caregiver support
could reduce patients’ psychological distress and improve their
QoL. This reciprocal relationship reflects how caregivers’
comprehensive support impacts patients’recovery and emotional
state, while patients’ conditions similarly affect caregivers’
wellbeing. Li et al [35] found dyadic collaboration improved
both QoL and coping outcomes, though some caregivers
preferred individual interventions. Future research should
systematically compare the efficacy of caregiver-only
interventions versus dyadic intervention approaches.

In total, 2 studies [17,27] included qualitative postintervention
evaluations. Carr et al [27] reported that caregivers benefited
from recognizing automatic thought patterns, which improved
their awareness of irrational thinking and overall wellbeing.
However, participants suggested improvements, including initial
in-person contact with facilitators, more personalized resources,
and better scheduling to accommodate caregiving duties. While
ICBT applications for caregivers remain exploratory,
mixed-methods approaches combining quantitative outcome
measures with qualitative insights can strengthen the evidence
base for optimizing interventions [36].

Exploring Intervention Content and Delivery Formats
Effective intervention design must prioritize both engagement
and usability through personalized support programs that address
caregivers’ specific needs. A critical yet frequently overlooked
component is the implementation of preparatory phases, as
evidenced by our review finding that only 5 studies incorporated
preintervention assessments. These preliminary modules should
systematically collect caregiver characteristics to inform tailored
recommendations, which could significantly improve both
participation rates and intervention adherence. Establishing such
foundational elements represents an important direction for
future research development.

The caregiving role often generates substantial psychological
burdens, stemming from challenging role transitions, difficulties
adapting to medical environments, and the inherent stress of
managing a loved one’s illness. Compounding these issues,
caregivers frequently suppress their emotions and neglect

self-care, resulting in diminished QoL [37,38]. Research by
Zhang et al [39] demonstrates that targeted interventions
incorporating relaxation training can yield multiple benefits,
such as regulating neuropsychological functions, alleviating
chronic physical tension, improving physiological responses,
and reducing illness-related stress, ultimately decreasing
caregiver burden while promoting positive behavioral changes.
Therefore, intervention content should integrate 3 key
components: (1) cognitive restructuring to modify maladaptive
thought patterns; (2) emotional support systems; and (3)
practical strategies including context-appropriate health
education and relaxation techniques. This comprehensive
approach will better equip caregivers to manage their
multifaceted challenges.

This study found that few interventions target caregivers’
self-symptom management. While 2 studies assessed
interventions for caregiver symptoms (eg, pain, fatigue, and
sleep) [20,25], no significant improvements were observed,
possibly due to differing intervention focuses. However, Shaffer
et al [40] reported substantial reductions in insomnia among
cancer caregivers through an internet-based program, even
though it was not caregiver-specific. Similarly, Ye et al [41]
demonstrated that ICBT improved sleep, anxiety, and depression
in patients with insomnia . Future research should develop
symptom-specific interventions tailored to caregivers to validate
their efficacy.

Our study found that online caregiver interventions typically
involve real-time psychologist support or email feedback. To
optimize website- or WeChat-based interventions, integrating
interactive features (eg, chat functions and message boards) is
recommended. Caregivers should receive prompt
module-specific feedback via email, with professionals
addressing inquiries swiftly to build trust. Evidence confirms
that therapist-guided ICBT outperforms unguided interventions
[42], as therapist engagement sustains participant adherence.
For caregivers with limited digital literacy, technical assistance
and age-friendly design features (eg, larger subtitles and
enhanced visibility) are essential [43]. While video or telephone
interventions enable direct communication and emotional
support, they risk inefficiency in handling repetitive queries
and may compromise continuity. WeChat public platforms or
online websites could serve as supplementary tools.
Telemedicine and mobile health solutions should be leveraged
to comprehensively address caregivers’ diverse needs.

Limitations
This review acknowledges several limitations. First, the included
studies exhibited significant variability in intervention measures,
participant characteristics, sample sizes, and outcome indicators,
potentially limiting the generalizability of ICBT efficacy
findings. Second, the lack of long-term follow-up assessments
in most studies necessitates future research with extended
evaluation periods to better understand sustained intervention
effects. Third, while we only assessed risk of bias in RCTs,
more comprehensive bias evaluations using standardized tools
would strengthen future findings. Finally, the included studies
originated from various countries, highlighting certain cultural
differences. Nonetheless, this diversity underscores the
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feasibility and acceptability of ICBT among caregivers of
patients with cancer.

Implications for Future Research
To optimize resource use and enhance support for caregivers
seeking online assistance, it is imperative to establish a dedicated
support team composed of oncologists, nurses, and
psychotherapists. Oncologists can build trust with patients and
caregivers, promoting engagement and addressing maladaptive
cognitions, which has been shown to improve outcomes and
reduce attrition [44]. Nurses can serve as interdisciplinary
coordinators and health educators, identifying caregiver needs,
delivering symptom management guidance, and providing
holistic biopsychosocial support. By fostering collaboration
among multidisciplinary professionals, caregivers can receive
more comprehensive support, capitalizing on the diverse
strengths of various specialists and enhancing overall caregiver
satisfaction.

Conclusions
This study presents a scoping review of the application of ICBT
among caregivers of patients with cancer. ICBT combines the
advantages of CBT with the accessibility of smart devices.
Preliminary evidence suggests that ICBT is effective in
alleviating caregivers’ negative emotions, reducing stress, and
enhancing positive experiences. Nevertheless, significant
shortcomings remain in the research concerning intervention
content, sample size, adherence, evaluation criteria, software
development, and intervention teams. Currently, internet-based
cognitive-behavioral interventions for caregivers of patients
with cancer in our country are still in the nascent stages. It is
crucial to draw upon relevant international studies while
considering the unique characteristics of domestic caregivers
to develop tailored ICBT intervention programs. By leveraging
artificial intelligence to create safe and effective online platforms
and fostering multidisciplinary collaboration, we can provide
comprehensive physical and mental health interventions for
caregivers, thereby genuinely alleviating their caregiving burden,
reducing negative emotions, and enhancing their QoL.
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Abstract

Background: Home-based hospice care offers patients with terminal cancer the comfort of receiving care in a familiar environment
while enabling family members to provide personalised support. Despite the critical role families play, the literature remains
underexplored in terms of their experiences, needs, and perceptions. A robust qualitative synthesis is needed to inform improvements
in palliative care services.

Objective: This meta-synthesis aims to systematically review and synthesize qualitative evidence regarding the experiences,
needs, and perceptions of family caregivers in home-based hospice care for patients with terminal cancer. The goal is identifying
key themes that can improve caregiver support and service delivery.

Methods: A systematic search was conducted across MEDLINE, Embase, Scopus, PsycINFO, CINAHL, Google Scholar, and
relevant gray literature sources up to March 14, 2025. Studies were included if they focused on family caregivers’ experiences
in home-based hospice care settings, excluding those that addressed only patients or health care providers. Two independent
reviewers performed study selection, data extraction, and quality assessment using the Critical Appraisal Skills Programme
checklist. Data were synthesized using a 3-step thematic synthesis approach, and the confidence in the findings was assessed via
the GRADE-CERQual (Grading of Recommendations Assessment, Development, and Evaluation–Confidence in the Evidence
from Reviews of Qualitative Research) framework.

Results: Five studies published between 1989 and 2022 from diverse geographical regions (including Asia and Western settings)
met the inclusion criteria. Two major themes emerged: (1) being physically and emotionally present, where caregivers expressed
a strong commitment to remain with their loved ones, providing emotional support and maintaining a sense of control; and (2)
sharing responsibilities, which underscored the importance of both formal support from palliative care teams and informal support
from family and friends in mitigating caregiver burden. These findings directly address the study’s aims by illustrating how
caregivers balance emotional commitment with the practical challenges of providing home-based care.

Conclusions: Although family caregivers are dedicated to delivering high-quality, personalized care, they encounter significant
emotional and logistical challenges. Variability in study settings, potential recall bias from retrospective interviews, and limited
gray literature access may affect the generalizability of the findings. This meta-synthesis underscores the essential role of family
involvement in home-based hospice care for patients with terminal cancer. The combined reliance on emotional commitment and
shared responsibilities—with support from professional care teams—is vital for optimal care delivery. Future interventions should
enhance formal and informal support systems to meet family caregivers’ diverse needs better.

Trial Registration: PROSPERO CRD42023486012; https://www.crd.york.ac.uk/PROSPERO/view/CRD42023486012

(JMIR Cancer 2025;11:e71596)   doi:10.2196/71596
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Introduction

Background
Palliative care is an active, holistic approach aimed at relieving
severe or chronic suffering and enhancing the quality of life for
individuals with life-threatening illnesses at any stage of the
illness trajectory, from diagnosis onward, whether curative
treatments continue or not [1-3]. Hospice care, however, refers
explicitly to palliative care provided when patients no longer
pursue curative treatments, typically with a prognosis of 6
months or less, focusing on comfort, dignity, and quality of life
during the end-of-life stages [2].

Cancer remains the second leading cause of death globally, with
continually rising incidence rates each year [4]. Advances in
cancer treatment and early detection have contributed to
prolonged survival, even for patients in advanced stages.
Nevertheless, extended survival often results in protracted
suffering, posing significant physical, emotional, social, and
spiritual challenges for both patients and their families,
especially during the end-of-life phase [5]. Terminal cancer
typically refers to patients with cancer with a prognosis of 6
months or less to live, at which point curative treatments are
usually ceased and care transitions toward symptom
management and comfort measures [2].

Home-based hospice care allows patients with terminal cancer
to spend their final days at home, as many of them prefer [6,7].
This care typically comprises scheduled visits by health care
professionals and 24-hour on-call support rather than continuous,
around-the-clock in-home care [8]. Such services often include
symptom management, holistic nursing care, and psychosocial
and spiritual support tailored to individual family needs [9,10].
The popularity of home-based hospice care is increasing due to
multiple factors, such as overcrowded hospital environments
[11], rising complexity of symptoms and treatments [12],
improvements in living standards and education [13], and a
growing emphasis on maintaining quality of life at the end of
life [14]. The aging population and a shift toward value-based
care models have also contributed to the rising demand for
home-based hospice services [15].

Family caregivers are pivotal in home-based hospice care, often
providing daily care and managing multifaceted emotional and
logistical responsibilities. In many cultural contexts, caregiving
is perceived as a moral or filial obligation, significantly
influenced by cultural norms and values that shape caregiver
expectations and decision-making processes [16]. For example,
in many Asian cultures, caregiving at home is deeply rooted in
filial piety, emphasizing familial responsibility and moral duty
toward elders [16,17]. Understanding caregivers’ culturally
influenced experiences, attitudes, perceptions, and unique
support needs is essential for effective and culturally competent
interventions.

Given these considerations, home-based hospice care is
experiencing increasing demand and attention, primarily due
to its valuable support for family caregivers who assume
multifaceted responsibilities involving intensive physical care,
emotional support, and complex decision-making. These

caregivers’ experiences, perceptions, and needs vary
significantly, influenced by personal, cultural, and contextual
factors. Therefore, understanding caregivers’ perspectives is
essential for assessing the effectiveness of current hospice
services and identifying opportunities for enhancing family
support at home, ultimately leading to improved patient and
caregiver experiences during this critical period.

Objectives
The overall aim of this study was to update and synthesize
qualitative research on home-based hospice care based on the
experiences of family caregivers of patients with cancer.

The three specific objectives for this review were as follows:

1. To explore the experiences of families of patients with
terminal cancer receiving home-based hospice care.

2. To examine attitudes and perceptions of families toward
home-based hospice care.

3. To identify key needs within the context of home-based
hospice care services.

This meta-synthesis seeks to address a significant gap in the
current literature by conducting a comprehensive review of the
experiences of family caregivers supporting patients with
terminal cancer in home-based hospice care settings. By
examining the caregiver experience, this study aims to assess
whether existing palliative care provisions sufficiently meet
their needs and provide insights for future improvements.
Ultimately, this research will ensure that caregivers receive
holistic and compassionate support during this critical phase of
the illness trajectory.

Methods

Overview
The qualitative evidence from primary qualitative studies and
mixed-methods studies were synthesized and integrated using
the thematic synthesis method. The meta-synthesis protocol
was reported following the PRISMA (Preferred Reporting Items
for Systematic Reviews and Meta-Analyses) 2020 checklist
[18] (Checklist 1). The meta-synthesis was guided by the 6 steps
of qualitative research synthesis developed by Major and
Savin-Baden [19], including formulating the questions,
identifying studies, selecting studies and extracting data,
appraising studies, synthesizing and finalizing data, and
reflecting upon the process, which was based on the step-by-step
qualitative research synthesis approaches by Noblit and Hare
[20] and Sandelowski and Barroso [21]. The study protocol has
been registered in PROSPERO (Prospective Register of
Systematic Reviews) under registration number
CRD42023486012.

Eligibility Criteria
Identifying appropriate studies is crucial in alignment with step
2 of the Major and Savin-Baden [19] approach. Essential
components in this identification process include (1) the scope
of included studies, (2) inclusion and exclusion criteria, (3)
quality assessment, (4) data synthesis method, and (5) criteria
for reporting findings [22,23].
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The criteria for considering studies for this review were based
on the PICo (Population, Interest, Context) framework [24].
The inclusion criteria were as follows: (1) population: the studies
involving adults who are family members of patients with
terminal cancer; (2) interest: the experiences, attitudes, and
needs regarding home-based hospice care services; (3) context:
under the care of home-based hospice care service, particularly
those with a physical home visit; and (4) the research design
was qualitative or mixed methods. The exclusion criteria were
as follows: (1) studies focusing on patients themselves, health
care providers, or non–home-based hospice services (such as
inpatient hospice or nursing home care), and studies involving
only telemedicine visits, and (2) language is not English. The
eligibility criteria are outlined in Multimedia Appendix 1.

Information Sources
We searched 5 electronic databases—Scopus, Embase,
MEDLINE, CINAHL, and PsycINFO—from inception until
March 14, 2025. These databases were chosen for their relevance
to qualitative research in various health care settings [25]. To
maximize the range of articles retrieved, we searched Google
Scholar and gray literature sources, including ProQuest, for
unpublished dissertations. The complete search strategy can be
found in Multimedia Appendix 2.

Search Strategy
The search began by defining the scope of the study and
addressing the research questions focusing on terminal cancer,
home-based care, and palliative care. Broad search terms and
synonyms were used to create a comprehensive search string
encompassing all relevant keywords. The PICo framework [24]
was used to guide search term generation. The full search
strategies included an initial search of MEDLINE, Embase,
Scopus, PsycINFO, and ProQuest up to September 13, 2023.
Following our initial database search, we conducted an
additional search in CINAHL on March 13, 2025, and Google
Scholar on March 14, 2025, to ensure comprehensive coverage
of relevant literature.

Controlled vocabulary terms were used for each database:
Medical Subject Headings (MeSH) for PubMed and Emtree
terms for Embase. Boolean operators and truncation symbols
combined the terms according to each database’s specifications.
This initial step helped us develop effective search strategies,
become familiar with the terminology, and conduct preliminary
searches. We then consulted a subject librarian to further refine
these search terms and strategy. Subsequently, a formal literature
search was conducted to identify and compile eligible studies,
with language limited to English only.

Selection Process
Adhering to the third step of the Major and Savin-Baden [19]
meta-synthesis method, we used EndNote 21 (version
21.2.0.19537; Clarivate Plc) [26] to import articles and find
duplicates. Subsequently, the titles and abstracts of the imported
articles were screened for relevance using RAYYAN [27], using
the blinding function to mitigate bias. This initial screening,
followed by full-text screening, was independently conducted
by 2 reviewers (XMD and KH), with discrepancies resolved
through discussion to reach a consensus.

Data Extraction
As the third step of Major and Savin-Baden’s [19]
meta-synthesis approach, we meticulously extracted the
qualitative data from the included articles. This process was
conducted in 2 stages. First, a pilot test of the data-extraction
form was performed by 2 reviewers (XMD and KH) and
validated by the third reviewer (WWST) before extracting
relevant information. Subsequently, the data-extraction form
was applied, which included author, year of publication, study
setting, aim, sample characteristics, methodology (population
characteristics, sampling method, data collection, and data
analysis), and key findings.

Quality Assessment
For the quality appraisal, 2 investigators (XMD and KH)
independently assessed each included study using the Critical
Appraisal Skills Programme (CASP) checklist (2019) [28]. All
discrepancies between the 2 investigators were resolved through
discussion. The third reviewer (WWST) counterchecked the
results to ensure accuracy and consistency. This assessment
included statements of research aims, appropriate qualitative
methodology, research designs, recruitment strategies, data
collection, adequate relationship between researcher and
participants, ethical issues consideration, the rigor of data
analysis, statement of findings, and value of the study.

Synthesis Methods
The data analysis used the 3-step thematic synthesis method
[25] as the fifth step in the Major and Savin-Baden [19]
approach. This method, based on Braun and Clarke’s thematic
analysis techniques [29], was extensively used in nursing and
medical research to identify intervention needs, appropriateness,
acceptability, and factors influencing implementation. Thematic
synthesis integrates findings from primary studies to identify
prominent or recurrent themes within the relevant literature.

In the initial step of thematic synthesis, findings were extracted
and coded line-by-line using Excel (Microsoft Corp). Reviewer
XMD conducted the line-by-line coding, maintaining fidelity
to the data and preserving the original concepts. Reviewer KH
subsequently verified the codes to ensure alignment and
completeness, facilitating identifying and categorizing key
elements within the data.

The primary codes were then grouped based on conceptual
similarities upon mutual agreement by reviewers (XMD and
KH), resulting in a structured interpretation of the findings
through the development of descriptive themes. These
descriptive themes were subsequently synthesized into
higher-level analytical themes. These analytical themes
represented the key outcomes relevant to our meta-synthesis
topic, achieved by merging and summarizing similar descriptive
themes to highlight core insights and conclusions drawn from
the data. The final process and results were screened thoroughly
and confirmed by all reviewers (XMD, KH, WWST, and VL),
with any disagreements resolved through consensus.

Third, the use of the approach by Major and Savin-Baden [19]
involved 5 steps; the last was adopting the 3-step thematic
synthesis method [25]. This nursing and medical method was
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used massively using Braun and Clarke’s thematic analysis
methods [29] to determine intervention needs, appropriateness,
acceptability, and factors regarding implementation.

Confidence Measurement
After generating the analytical themes, a further quality appraisal
stage using the GRADE-CERQual (Grading of

Recommendations Assessment, Development, and
Evaluation–Confidence in the Evidence from Reviews of
Qualitative Research) approach [30] was used to evaluate the
confidence level of our findings (Table 1). This aligned with
the final step of Major and Savin-Baden’s [19] approach of
“reflecting upon the process.”

Table . Evidence profile table.

ReferencesGRADE-

CERQuala as-
sessment of con-
fidence

RelevanceAdequacyCoherenceMethodological
limitations

Major theme and summarized re-
view finding

Being physically and emotionally present

[16,31-34]High confidenceMinor concernsMinor concernNo or very mi-
nor concerns

No or very mi-
nor concerns

• Belief that
home pallia-
tive care
provides
better care
than hospi-
tals

• Commit-
ment to
care at
home

• Cultural
and moral
obligations

• Personal re-
flections
and chal-
lenges

Sharing responsibilities

[16,31-34]High confidenceMinor concernsNo or very mi-
nor concerns

No or very mi-
nor concerns

No or very mi-
nor concerns

• Challenges
in caregiv-
ing

• Formal sup-
port needs

• Informal
support
needs

aGRADE-CERQual: Grading of Recommendations Assessment, Development, and Evaluation–Confidence in the Evidence from Reviews of Qualitative
Research.

Two reviewers (XD and KH) conducted independent reviews
and discussed discrepancies to reach a consensus. The
GRADE-CERQual approach evaluates confidence based on 4
components: methodological limitations, coherence, adequacy
of data, and relevance of included studies. Each element was
categorized as having “no or very minor concerns,” “minor
concerns,” “moderate concerns,” or “serious concerns,” leading
to varying grades of confidence [35].

The assessment of methodological limitations aligns with the
CASP appraisal, evaluating the trustworthiness of study findings
by examining the appropriateness of the research methodology,
which is closely related to the quality of the results [36]. Our
assessment indicated that the findings were supported by articles
with no to very minor concerns regarding methodological
limitations.

The coherence assessment measures the relevance of the data
from the included studies to the review findings [37]. Based on
key findings extracted from the included studies, we confirmed
that the data were relevant to the review findings (Table 2).

To assess the adequacy of the data, we evaluated both the
quantity and richness of the data in relation to the review
findings, in line with the GRADE-CERQual approach [38].
Studies with limited data, particularly those with findings
supported by only 1 or 2 participant voices, were noted as having
insufficient depth and quantity to robustly support specific
review findings [31,39].

Lastly, we assessed relevance by evaluating the extent to which
the data from the primary studies apply to the context outlined
in the synthesis results [32].
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Table . Characteristics of included studies.

Barlund et al [31]Lee et al [16]Hull [32]Milberg and Strang
[34]

Albert et al [33]Study

Norway, municipali-
ties, Førde Central
Hospital, Sogn og
Fjordane

Taiwan, hospice home
care, northern Taiwan

United States, com-
bined hospice program,
home care

Sweden, hospital-based
home care

Malaysia, palliative
care center, Kota Kina-
balu, Sabah

Setting

To explore factors influ-
encing caregivers’
sense of security and
facilitators for home
deaths among dying
patients with cancer.

To examine family ex-
periences and needs
when providing hos-
pice home care to older
adults with terminal
cancer.

To explore hospice
home care experiences
and perceptions of
family caregivers of
dying relatives.

To describe and inter-
pret comprehensibility
and manageability expe-
riences of informal
caregivers of advanced
patients with cancer in
palliative home care.

To explore the suffer-
ing experienced by
Malaysian family
members caring for pa-
tients with advanced
cancer nearing end-of-
life.

Aim

Parents, children, or
spouses of deceased
patients with cancer

Caregivers of patients
with advanced cancer
receiving home hospice
care

Primary home care-
givers; adults living at
home (with/without
patient responsibili-
ties); adults living out-
side home with regular
care duties

Primary caregivers at
home of patients with
cancer receiving hospi-
tal-based home-based
palliative care

First-degree relatives
living with patients;
primary caregivers for
≥8 hours/day

Sample

Purposive sampling;
semistructured in-depth
interviews; thematic
analysis

Consecutive sampling;
in-depth semistructured
interviews; qualitative
inductive content anal-
ysis

Convenience sampling;
semistructured inter-
views and field observa-
tion; thematic analysis

Maximum variation
sampling; semistruc-
tured interviews; quali-
tative hermeneutic ap-
proach

Purposive sampling;
semistructured in-depth
interviews; thematic
analysis

Method

Key findings ••••• Personal factorsHoping for cure:
Concealing diag-
noses from pa-
tients; expecta-
tions for pro-
longed life.

Confronting reali-
ty: Acute health
changes, physi-
cian prognosis,
treatment refusal.

Comprehensibili-
ty: Congruent in-
ner reality
through open in-
formation, sym-
bols, basic life as-
sumptions, previ-
ous knowledge

Empathic suffer-
ing: Witnessing
functional de-
cline; fear of dis-
comfort; receiving
bad news; duties.

• Health care profes-
sionals

• Organizational
factors

• Surveying op-
tions: Gathering
and reviewing al-
ternatives, clarify-
ing values, learn-
ing about hospice.

•• Fluctuating emo-
tions: Positive,
negative, and diffi-
cult emotions.

Powerless and
hopeless suffering

•• Manageability:
Togetherness/iso-
lation involving
power, compe-
tence, accessibili-
ty, and support.

Predictive suffer-
ing

• •Compliance suffer-
ing: Burden of
caregiving and so-
cial

Accepting death:
Fulfilled duties,
acceptance.

• Immersion: Disen-
gaging from other
tasks, shifting pri-
orities, acquiring
patient care skills.

• Perceptions of a
good death:
Smooth, painless,
peaceful.

• Barriers’ wrath:
Patient-related
barriers; family-
related barriers;
health care–relat-
ed hurdles.

• Refocusing
• Needs: Emotional

support, informa-
tion.

Ethical Considerations
This meta-synthesis did not involve primary data collection,
and thus ethical approval was not required. However, ethical
rigor was maintained by ensuring that all included studies
adhered to standard ethical guidelines, such as obtaining
informed consent from participants and safeguarding participant
confidentiality. Additionally, no unpublished or personally
identifiable information was included in the synthesis. All
sources were appropriately cited, and transparency regarding
any potential conflicts of interest or funding has been maintained
throughout the study.

Positionality Statement
The reviewers overseeing the analysis and synthesis process
(VL and WWST) are experienced qualitative researchers. The
initial drafting, coding, and synthesis were primarily conducted
by 2 researchers (XMD and KH) who have clinical backgrounds
relevant to the review topic. All reviewers acknowledged that
their personal characteristics, values, and beliefs, shaped by
their clinical and academic experiences, could influence the
synthesis process. Thus, regular discussions were held among
the team to examine assumptions, challenge interpretations, and
ensure a balanced and rigorous analysis of the findings to
enhance reflexivity and reduce potential bias.
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Results

Study Selection
A total of 13,081 articles were identified through our
comprehensive search. This included 12,193 articles from the
initial search and an additional 888 articles from the
supplementary search. A total of 1028 duplicates were removed.
Then, 12,053 titles and abstracts were reviewed, and 12,045
were excluded according to the eligibility criteria. Subsequently,

8 articles were read in full text, and 3 studies were excluded.
Two articles were excluded due to the inability to confirm the
cancer stage or to separate qualitative findings within mixed
method studies, and attempts to contact the authors for
verification were unsuccessful. An additional article was
excluded after discussion because it predominantly contained
patients’ findings, which could not be distinctly separated to
focus solely on caregivers’ perspectives. Finally, 5 full-text
articles met the eligibility criteria. The result of the selection
process is presented in Figure 1.
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Figure 1. PRISMA (2020) flowchart of search results and study selection. PRISMA: Preferred Reporting Items for Systematic Reviews and Meta-Analyses.
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Study Characteristics
The 5 studies included in this meta-synthesis were published
between 1989 and 2022, with 2 studies [31,33] published in the
last 5 years. The research was conducted across diverse
geographical settings: Malaysia (n=1), Sweden (n=1), the United
States (n=1), Taiwan (n=1), and Norway (n=1). Study settings
varied, including a palliative care center, hospital-based home
care, hospice programs, and municipal or hospice-affiliated
home care services.

Sample sizes across the studies ranged from small, focused
groups of 12 to larger caregiver cohorts of up to 44 participants.
Most studies involved between 12 and 19 participants, while
one study included a substantially larger sample. One study did
not report the exact number of participants. These variations
reflect the diversity in study aims and sampling strategies, as
well as the depth of qualitative inquiry. All participants were
family caregivers of individuals with advanced cancer receiving
home-based palliative care.

Sampling strategies included purposive sampling (n=3),
maximum variation sampling (n=1), and consecutive or
convenience sampling (n=2). Data were primarily collected
through semistructured, in-depth interviews (n=5), with one
study also incorporating field observation. Thematic analysis
was the predominant analytical approach, although one study
used a qualitative hermeneutic method and another used
inductive content analysis.

Although the articles had slightly different objectives, all
contributed to our understanding of the experiences, needs, and
perceptions of families of patients with terminal cancer in
home-based hospice care. Sampling and data collection methods
varied across the studies due to population and setting

differences. Four of the 5 studies were qualitative, with Hull
[32] being the exception, including a quantitative portion as
part of the dissertation. However, this quantitative aspect did
not influence our findings, as the qualitative portion was clearly
differentiated and extracted.

We noticed that one significant contributing study was notably
outdated. After thorough discussion between 2 reviewers (XMD
and KH), it was decided to include this study because it provided
findings that remain relevant and fit well within the overall
research context. Despite being published over 30 years ago in
1989 [32], the foundational concepts and findings still offer
valuable insights into home-based hospice care and address
aspects that are not sufficiently covered by more recent studies.
The inclusion of this study ensured a comprehensive
understanding of the evolution and continuity of caregiving
practices. The characteristics of the included studies are
presented in Table 2.

Synthesis Findings

Overview
A total of 17 groups of primary codes and corresponding
descriptive themes were identified. These were further
synthesized into 5 overarching analytical themes, culminating
in 2 central themes that represent the final synthesis. These
include (1) being physically and emotionally present and (2)
sharing responsibilities. The 3 subthemes that support the main
theme of “being physically and emotionally present” were a
sense of togetherness, family responsibility, and being there
until the end. Similarly, for the main theme of “sharing
responsibilities”, we synthesized the findings based on 2
subthemes: formal support and informal support (Figure 2).
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Figure 2. Synthesis of findings, including subthemes and main themes.

Family caregivers of patients with terminal cancer made a
deliberate commitment to be physically and emotionally present
to care for their loved ones at home. They were motivated by
the belief that they could provide a higher standard of care than
what was offered in the hospital, where they observed their
dying relatives being treated more as objects than as individuals
with dignity. One participant expressed this sentiment: “When
my dad was in the

hospital, they bathed him, fed him, and gave him his meals, and
he just lay there. After these, nobody bothered him, nobody did

anything more. He was nothing” [32]. At home, caregivers felt
they could better meet their loved ones’ needs, taking comfort
in the familiar environment and the reduced stress for both
patient and caregiver. This approach offered a sense of control
and personal involvement. For example, a 64-year-old daughter
noted: “It didn’t take long to learn how to care for Mum. Being
a mother and a wife, it was easy enough to pick up those skills,
so there were no problems. I could go into nursing now (laughs);
I’ve had practical experience” [32]. Similarly, a 75-year-old
wife reflected on her experience: “There was no issue for me
in knowing how to care for my husband. I kept him clean, the
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bed clean, and his pyjamas were fresh every day. It was really
no problem for me” [32]. In another instance, a 35-year-old son
demonstrated his capability by innovatively managing bedsores
using a combination of a water mattress and an alternating
mattress [32].

The 3 subthemes supported this theme: a sense of togetherness,
a family responsibility, and being there until the end.

Sense of Togetherness
A sense of togetherness is a crucial emotional factor in
home-based hospice care. Being at home made caregivers and
patients feel safe and secure, knowing they were close and
always within reach. One participant shared: “It was important
for me to be with him... to be there all the time. And it wasn’t
difficult; it felt natural. It was safe for me to be there with him”
[31]. Another participant described the comfort of staying
connected through a monitor: “I always had the monitor with
me, even when I was out front talking to a neighbour. I kept my
little walkie-talkie with me so I could always keep tabs on him”
[32]. Being at home symbolized the caregivers’ commitment
to staying close to the patient in the home they had built together
and filled with memories, despite the good or bad times. One
participant poignantly remarked:

This is our home, and this is where she should be as
long as she lives. She’s receiving better care here
than she would anywhere else, and as long as I’m
here, she’ll have that care as long as it’s needed. This
is where she belongs. This is her life’s work. We
raised our family here for 38 years. I lived through
the good years; now I want to live through the bad.
What’s one bad year out of 47? [32].

A Family Responsibility
From a cultural perspective, caregiving is a natural extension
of one’s commitment to loved ones and a moral obligation. For
many children caregivers, taking on the responsibility of caring
for their parents with terminal illness at home is deeply rooted
in cultural and ethical values, often viewed as a way to repay
their parents. In this cultural context, there is a strong belief in
managing care independently rather than relying on nursing
homes to express filial duty. This sentiment is reflected in the
words of a daughter from Taiwan: “Because my father’s
condition was so bad, it made my heart ache to watch him
suffering from pain...I wanted to care for my father on my own
and did not need anyone else to bear my responsibility” [16].
Another participant echoed this sense of responsibility: “The
most important thing for me to learn is that you have to give
yourself an opportunity to take care of your sick parents who
have taken care of you since you were a child...I was really
proud of becoming familiar with the skills of care” [16]. This
highlights the emotional significance of caregiving, which
carries a deep sense of responsibility. Many caregivers,
particularly those who were the sons or daughters of patients
with cancer, believed they had fulfilled their filial duties and
wanted their loved ones to have a natural death and a proper
funeral. As one son expressed: “We will not have regrets if our
father dies tomorrow...We believe we demonstrated the value
of filial piety as much as we could by taking good care of him

at home without sending him to a nursing home...we knew he
wanted to die at home” [16].

Be There Until the End
However, families often face significant emotional challenges
when discussing topics related to death or illness while striving
to be emotionally present for their loved ones. In Sweden, being
present was crucial, even when it was difficult to discuss such
matters. One participant shared: “She [mother] is talking a bit
too much about the funeral and such things. I find it quite
burdensome. But it is good for her, so we talk” [34]. Some
family members chose to hide terminal diagnoses from their
loved ones in an attempt to protect them from losing hope,
believing that revealing the full extent of the illness might cause
them to give up on life [16]. In Malaysia, caregivers also
expressed a strong desire to remain with their loved ones and
provide care until the end, keeping them happy and shielding
them from their emotions. One caregiver shared: “I do not want
him to see me crying. I want him to be happy. I know that I am
the only one next to him. If I were there with a sad feeling...I
think it might make him sad” [33]. The complexity of providing
compassionate care while managing one’s emotional burdens
is evident in these experiences, underscoring families’
challenges in navigating the end-of-life journey.

Sharing Responsibilities
Sharing responsibilities in caregiving can involve the patient,
family, friends, home palliative care teams, and other community
organizations. This collaborative approach helped family
caregivers feel less isolated when managing challenging
situations. Throughout the caregiving process, these groups play
a vital role in supporting family caregivers of patients with
terminal cancer. It is essential to recognize that family caregivers
often require various types of support. This theme was further
supported by 2 subthemes: support from a palliative home-based
care team and support from others.

Formal Support
The involvement of a palliative home care team can help
caregivers perceive caregiving as more manageable [34],
boosting their confidence in providing care for their loved ones
at home [16]. A Swedish participant shared a poignant
experience:

My husband was going to be discharged from the
hospital [with a percutaneous endoscopic
gastrostomy], but I said I can’t take care of such
things. But they said it was very easy to learn how to
use it. ‘No,’ I said. ‘I can’t take that
responsibility’...Then the dietician came and said, ‘It
is so easy.’ I felt I was going to be ill because I could
not do this. (Sighs) And later on that afternoon, I had
diarrhoea. I was not feeling well and was terribly
worried...Then the palliative doctor came, and he was
almost like an angel. He presented all the things the
palliative home care team could offer. And then I felt
that this was a support for us [34].

The need for qualified health care professionals is often
emphasized, as they are the support personnel to whom
caregivers can express their concerns, thoughts, and worries.
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This interaction gave caregivers confidence and security,
reassuring them that they appropriately fulfilled their caregiving
role. Caregivers welcome palliative care nurses or coordinators,
as one participant reported:

“It felt safe and secure for us to know that they were
visiting us (ie, home nursing care)” [31].

Some caregivers acknowledged that having palliative home care
made it easier to fulfill their wish to care for patients at home
during the final stage of life, facilitating a dignified end-of-life
experience. As one son reflected:

“I thought my mother’s death was a good death
because she passed away without pain or any
distressing symptoms from cancer. It was really
important for us, and we appreciated what the hospice
home-based care team did for us” [16].

Informal Support
Other family members, relatives, and friends play a crucial role
in supporting family caregivers who provide care for patients
with terminal cancer. In families with children, caregivers were
glad to share their responsibility with their offspring, viewing
it as an expression of filial piety. One participant said:

“I was glad to see my son helping me care for his
dad...I thought that if I’m sick someday he would care
for me like now and our relationship gave me the
energy to care for my husband” [16].

Managing the financial responsibilities of caregiving often
necessitates sharing the burden with other family members or

government organizations. The emotional and physical toll of
caregiving can be overwhelming, as one participant poignantly
expressed:

“I declined the offer of attendance allowance; I
wanted another sister to do this. I didn’t want to be
alone in this [ie, follow the patient in the last phase].
I wanted more people to be involved because I had...
(Sighs) I had been doing this alone for so long” [31].

This highlights the deep need for collective involvement,
especially in the final stages of care, which can be particularly
draining when borne alone.

Quality Appraisal of Included Studies
The methodological quality of the included studies was assessed
using the CASP Qualitative Checklist. All 5 included studies
demonstrated generally high methodological quality, with scores
ranging from 29 to 30 points out of a possible maximum score
of 30 points (Table 3). All studies clearly stated their research
aims, adopted appropriate qualitative methodologies, applied
suitable research designs, and used adequate recruitment
strategies and data collection methods. Four studies clearly
considered ethical issues, while 2 lacked explicit discussion
regarding the relationship between researchers and participants,
introducing minor ambiguity. Nevertheless, all included studies
clearly articulated their findings and demonstrated valuable
contributions to the topic. A detailed summary of the quality
appraisal results is presented in Table 3.
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Table . Quality appraisal of the included studies using the Critical Appraisal Skills Programme (2019).

Barlund et al, 2021
[31]

Lee et al, 2014 [16]Hull, 1989 [32]Milberg and Strang,
2004 [34]

Albert et al, 2022 [33]

+++++Was there a clear state-
ment of the aims of the
research?

+++++Is a qualitative
methodology appropri-
ate?

+++++Was the research de-
sign appropriate to ad-
dress the aims of the
research?

+++++Was the recruitment
strategy appropriate to
the aims of the re-
search?

+++++Was the data collected
in a way that addressed
the research issue?

+/–+++/–+Has the relationship
between researcher and
participants been ade-
quately considered?

++/–+/–++Have ethical issues
been taken into consid-
eration?

+++++Was the data analysis
sufficiently rigorous?

+++++Is there a clear state-
ment of findings?

+++++Is the research valu-
able?

2929292930Total points

Confidence of Evidence
Two major themes emerged from the thematic synthesis: (1)
being physically and emotionally present and (2) sharing
responsibilities. Both themes were assessed with high confidence
according to the GRADE-CERQual framework (Table 1). The
theme “being physically and emotionally present” had no or
very minor concerns regarding methodological limitations and
coherence, minor concerns related to data adequacy, and minor
concerns regarding relevance due to the partial inclusion of
studies addressing home- and hospital-based settings. Similarly,
the theme “sharing responsibilities” had no or minor problems
related to methodological limitations, coherence, and adequacy,
with minor concerns regarding relevance, given the partial
relevance of 2 included studies that covered broader contexts
beyond home-based care. These results demonstrate robust
qualitative evidence reflecting the experiences, perceptions, and
needs of family caregivers in home-based hospice care for
patients with terminal cancer.

Discussion

Principal Findings
This review synthesized findings from 5 qualitative studies
exploring family caregiver experiences, perceptions, and needs
in home-based hospice care for patients with terminal cancer.
Two prominent themes emerged: (1) being physically and
emotionally present, highlighting caregivers’ dedication and
the emotional complexities involved in caregiving, and (2)
sharing responsibilities, demonstrating the importance of formal
and informal support systems. These themes reflect the complex
emotional and practical challenges caregivers encounter while
striving to provide high-quality care aligned with their loved
ones’ wishes.

Comparison to Prior Work
Our findings align with previous research highlighting family
caregivers’ essential role in delivering compassionate and
dignified end-of-life care [40]. The emotional dedication
caregivers demonstrate, often deeply embedded in cultural
expectations such as filial piety, confirms existing literature
emphasizing the profoundly personal nature of caregiving.
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However, this synthesis also underscores specific challenges
faced by caregivers, including managing difficult conversations
about death, balancing caregiving responsibilities, and
navigating cultural norms, consistent with prior research
identifying caregiver stress and potential burnout risks.

These findings align with established social support theories,
confirming that emotional, informational, and instrumental
support from formal (health care professionals) and informal
networks (family and friends) substantially alleviates caregiving
stress [41]. Nonetheless, our analysis revealed a significant gap
in integrating these support systems, leaving caregivers
vulnerable to isolation and overwhelm.

Strengths and Limitations
The strength of this review includes the rigorous methodological
approach followed, adherence to PRISMA guidelines, quality
appraisal using the CASP checklist, and confidence assessment
using GRADE-CERQual. Including diverse cultural contexts
from Asian and Western countries further enhances the
generalizability and applicability of our findings.

However, this review has several limitations. First, limiting the
search to studies published in English may have restricted the
inclusion of research conducted in non–English-speaking
regions, thereby reducing the diversity in cultural contexts and
settings across the included studies and potentially affecting the
generalizability of the findings [42]. Second, despite the growing
global reliance on family caregivers in home-based hospice care
[43], this review identified only 5 eligible studies, with just 2
published in the past 5 years. This limited number may reflect
the specificity of our inclusion criteria, which focused solely
on caregivers of patients with terminal cancer receiving
home-based palliative care. Many existing end-of-life care
studies include a broader population with varied diagnoses and
may not isolate the unique caregiving experience related to
cancer. This scarcity highlights a critical gap and the need for
more focused, culturally diverse qualitative research in this area
[44]. Third, the retrospective nature of some studies introduced
a potential recall bias, affecting the accuracy of reported
experiences. This could be addressed in future research through
prospective study designs. Fourth, our review’s reliance on
specific databases potentially limited the comprehensiveness
of identified literature, mainly gray literature. Future studies
should broaden database searches and proactively include

unpublished literature to enhance comprehensiveness. Lastly,
including older literature (more than 5 years old) may limit the
review’s alignment with the most current evidence. However,
older studies were included due to their foundational insights,
which remain relevant to the current practice context. Future
research should emphasize more recent publications to align
closely with contemporary practices and emerging evidence.

Future Directions
The findings indicate several avenues for future research and
practice. There is a clear need to develop and evaluate culturally
sensitive interventions tailored to both formal and informal
caregiver support needs. Initiatives should aim to bridge existing
gaps in caregiver support through integrated services that
alleviate isolation and promote emotional and practical
caregiving capacities. Structured educational programs and
support groups designed to improve communication around
end-of-life topics could also substantially enhance caregiver
experiences.

Conclusion
Home-based hospice care has a significant impact on patients,
but the experience of family members who support them remains
neglected in literature and daily practices. The results highlight
both the emotional rewards and daunting challenges caregivers
encounter and point to the need for systemic, culturally
competent strategies to support this population. By bridging the
gaps within formal and informal support systems and
encouraging open communication, these health care providers
can enable caregivers to maneuver their roles effectively. These
findings present critical implications for the delivery of hospice
care as the world learns to provide holistic, compassionate care,
without fail, for patients and their families. Future research
should investigate diverse caregiver experiences and further
inform the refinement of focused interventions to improve
home-based hospice care.

In conclusion, this review highlights the critical role of
caregivers in home-based hospice care for patients with terminal
cancer, emphasizing the need for culturally competent,
comprehensive caregiver support strategies. Addressing
identified gaps can significantly improve caregivers’experiences
and ultimately enhance the quality of hospice care services
delivered at home.
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Abstract

Background: Blood tests used to identify patients at increased risk of undiagnosed cancer are commonly used in isolation,
primarily by monitoring whether results fall outside the normal range. Some prediction models incorporate changes over repeated
blood tests (or trends) to improve individualized cancer risk identification, as relevant trends may be confined within the normal
range.

Objective: Our aim was to critically appraise existing diagnostic prediction models incorporating blood test trends for the risk
of cancer.

Methods: MEDLINE and EMBASE were searched until April 3, 2025 for diagnostic prediction model studies using blood test
trends for cancer risk. Screening was performed by 4 reviewers. Data extraction for each article was performed by 2 reviewers
independently. To critically appraise models, we narratively synthesized studies, including model building and validation strategies,
model reporting, and the added value of blood test trends. We also reviewed the performance measures of each model, including
discrimination and calibration. We performed a random-effects meta-analysis of the c-statistic for a trends-based prediction model
if there were at least 3 studies validating the model. The risk of bias was assessed using the PROBAST (prediction model risk of
bias assessment tool).

Results: We included 16 articles, with a total of 7 models developed and 14 external validation studies. In the 7 models derived,
full blood count (FBC) trends were most commonly used (86%, n=7 models). Cancers modeled were colorectal (43%, n=3),
gastro-intestinal (29%, n=2), nonsmall cell lung (14%, n=1), and pancreatic (14%, n=1). In total, 2 models used statistical logistic
regression, 2 used joint modeling, and 1 each used XGBoost, decision trees, and random forests. The number of blood test trends
included in the models ranged from 1 to 26. A total of 2 of 4 models were reported with the full set of coefficients needed to
predict risk, with the remaining excluding at least one coefficient from their article or were not publicly accessible. The c-statistic
ranged 0.69‐0.87 among validation studies. The ColonFlag model using trends in the FBC was commonly externally validated,
with a pooled c-statistic=0.81 (95% CI 0.77-0.85; n=4 studies) for 6-month colorectal cancer risk. Models were often inadequately
tested, with only one external validation study assessing model calibration. All 16 studies scored a low risk of bias regarding
predictor and outcome details. All but one study scored a high risk of bias in the analysis domain, with most studies often removing
patients with missing data from analysis or not adjusting the derived model for overfitting.

Conclusions: Our review highlights that blood test trends may inform further investigation for cancer. However, models were
not available for most cancer sites, were rarely externally validated, and rarely assessed calibration when they were externally
validated.

Trial Registration: PROSPERO CRD42022348907; https://www.crd.york.ac.uk/PROSPERO/view/CRD42022348907

(JMIR Cancer 2025;11:e70275)   doi:10.2196/70275
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Introduction

Cancer incidence trends are projected to increase globally: 18
million new cases diagnosed in 2020 versus 28 million projected
in 2040 [1]. The likelihood of survival improves by cancer
detection at earlier stages [2-7]. Earlier detection is crucial to
improve patient outcomes and reduce cancer-related mortality
[8]. Screening programs may contribute to early detection but
have been implemented for a minority of countries and cancers
[9]. Risk prediction models for cancer could improve early
detection rates. These models combine patient data, such as
patient demographics, medical history, or cancer symptoms, to
identify patients with an increased risk of undiagnosed cancer.

Blood tests commonly performed in clinical practice, including
full blood count (FBC) and liver function tests, are often
included in cancer risk prediction models, as they have an
important role in risk-stratifying symptomatic patients for cancer
investigation [10,11]. Blood tests are commonly requested by
clinicians, with rates of testing increasing yearly. Despite panels
of blood tests being taken together, blood tests are almost
entirely interpreted in isolation in current clinical guidance
[11,12]. In the United Kingdom, the National Institute for Health
and Care Excellence (NICE) suspected cancer guidelines
recommend referral for urgent investigation if low albumin,
low hemoglobin, raised platelets, raised bilirubin, raised calcium,
or raised inflammatory markers are observed, as these increase
risk of cancer [11]. Monitoring temporal trends (ie, changes
over time) in repeated blood tests may improve risk
stratification, by incorporating an individual’s trajectory from
which to identify change. For example, declining hemoglobin
confined within the normal range would be a relevant
cancer-related trend, but missed in practice as the results appear
normal. Our recent systematic review on the association between
blood test trends and cancer diagnosis identified many trends
that have the potential to improve cancer risk stratification [13].
However, the potential benefits and challenges and
methodological considerations of incorporating combinations
of trends into cancer risk prediction models remain unrealized.

Recent methodological advancements in both traditional
statistical and machine-learning methods allow for the
development of dynamic prediction models, which incorporate
repeated measures data for clinical risk prediction and may hold
greater potential to rule-in and rule-out referral for cancer
investigation. We aimed to conduct a systematic review to
critically appraise diagnostic clinical prediction models using
trends in blood tests commonly used in primary care for the risk
of undiagnosed cancer.

Methods

Overview
We followed the PRISMA (Preferred Reporting Items for
Systematic review and Meta-Analysis) guidelines (Checklist
1) for reporting the findings of this review [14]. Ethical approval
was not required, as there were no direct patient investigations
in this study and only published articles were systematically
reviewed. The review protocol was registered with the
International PROSPERO (Prospective Register of Systematic

Reviews) database on July 25, 2022 (CRD42022348907). There
were no deviations to the protocol.

Participants
We included studies of participants aged 18 years or older
reporting prediction models incorporating trends in blood tests
commonly available in primary care and cancer diagnosis in
any clinical setting. We excluded blood tests taken after cancer
diagnosis, such as to predict prognosis or monitor treatment.

Outcome
The main outcome was a first diagnosis of cancer across all
cancer sites, including composite cancer sub-groupings and all
cancers combined. Cancer diagnosis was defined as per the
individual studies, such as confirmed cancer via laboratory
tests/radiology in clinical/prospective studies or the use of
ICD10 (International Statistical Classification of Diseases and
Related Health Problems 10th Revision) codes [15] in studies
of eHealth records.

Search Strategy
We worked with our review specialist (NR) to derive a
comprehensive search strategy. The MEDLINE (OVID)
(1946-present) and EMBASE (OVID) (1974-present) databases
were searched from inception to April 3, 2025 to identify articles
that report on the association between trends in blood tests
commonly available in clinical practice and a cancer diagnosis.
The initial search was conducted in June 2022, with a full update
in February and May 2023 and April 2025. Search terms
included MeSH headings and title, abstract, and author keywords
for blood tests, cancer diagnosis, and prediction or risk.
Cancer-related terms included “tumor” and “cancer”. However,
some cancers are not usually paired with these terms, such as
“leukaemia” or “lymphoma”, so it was important to include
such cancer types explicitly to ensure they were captured. No
language or other limits were applied to the search. The full
search strategy for each database is provided in Table S1
(MEDLINE) and Table S2 (EMBASE) in Multimedia Appendix
1. In the eligible studies, we actively searched through each
article’s reference list to find eligible studies that were not
identified by the search strategy.

Study Selection
All references initially underwent de-duplication in Endnote 20
[16] (by NR). Abstract and title screening was performed in
Endnote 20 and Rayyan [17] (by PSV, KKC, CFS, and XY).
The retrieved articles were initially split among the reviewers
for screening, with a sample of 1000 from each of the three
reviewers (KKC, CFS, and XY) independently screened by a
second reviewer (PSV) to assess agreement, with discrepancies
discussed until an agreement was reached. The full-text
screening was subsequently performed independently by two
reviewers (by PSV and SZ) to identify eligible articles for data
extraction and analysis, with discrepancies discussed until
agreement was reached. We included any in-human primary
research article reporting the development or validation of a
diagnostic clinical risk prediction model using a prediagnostic
trend over repeat measurements of at least one blood test
parameter (Table 1) for subsequent diagnosis of cancer. A
prediction model was defined as any multivariable model
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designed to predict the presence of undiagnosed cancer
(outcome), where at least one predictor in the model was a blood
test trend. A model was considered to include “trend” if it
included temporal changes in the quantitative blood test result
over repeatedly measured tests per patient as a predictor. The
blood tests in Table 1 are nonspecific (ie, not cancer-specific)

blood tests that are commonly available in primary care settings.
Recent evidence highlighted trends in many of these common
tests as risk factors for cancer diagnosis [13]. Using these blood
tests provides an opportunity to use commonly available data
to support cancer detection.

Table . Blood tests included in this review.

Blood levelBlood test

Red blood cell count, hemoglobin, hematocrit, mean cell volume, mean
cell hemoglobin, mean cell hemoglobin concentration, red blood cell dis-
tribution width, platelet count, mean platelet volume, white blood cell
count, basophil count, eosinophil count, lymphocyte count, monocyte
count, neutrophil count, basophil %, eosinophil %, lymphocyte %,
monocyte %, neutrophil %

Full blood count

Alanine aminotransaminase, albumin, alkaline phosphatase, aspartate
transaminase, bilirubin

Liver function tests

Sodium, potassium, creatinine, ureaRenal function

C-reactive protein, erythrocyte sedimentation rate, plasma viscosityInflammatory markers

Amylase, HbA1ca, calcium, calcium adjusted, total protein, blood glucose,
fasting glucose, thyroid stimulating hormone

Other tests

aHbA1c: hemoglobin A1c.

We excluded abstracts and conference proceedings, as they
produce incomplete data for a thorough review. Studies using
a cross-sectional design were excluded, as the data reflects a
“snapshot” at a certain time so cannot assess risk over time.
Clinical trials of treatment intervention were excluded to reduce
the influence of treatments on blood test data. Existing
systematic reviews, correspondence, and case studies pertaining
to<5 individuals were excluded. Non-English full-texts without
English versions available or nontranslatable were excluded.

Data Extraction
Data was extracted using an extraction form designed in
Microsoft Excel and piloted on 3 randomly selected eligible
articles. Data items included study design and population, blood
test trends studied, analytic methods, cancer site, and predictive
performance measures. Data extraction from each eligible article
was performed by 2 reviewers independently (PSV, KKC, CFS,
XY, and SZ), with disagreements discussed until agreement
was reached.

Data Analysis and Synthesis
Quantitative data were summarized using means with SD for
continuous data and counts with proportions for categorical
data. We narratively described and critically appraised prediction
models incorporating prediagnostic blood test trend. We
performed a random-effects meta-analysis of the c-statistic (or
area under the curve) for prediction models externally validated

by at least 3 studies. The τ2 statistic was used to describe

heterogeneity and I2 statistic to assess the proportion of

heterogeneity explained by between-study differences. We also
conducted a post hoc analysis, repeating the meta-analysis by
including only studies using primary care data and again using
only other studies, to assess if findings differed between
underlying populations of care. Analyses were performed in
Stata/SE 17.0.

Risk of Bias Assessment
Risk of bias in each study was assessed using the Cochrane
Prediction model Risk Of Bias Assessment Tool (PROBAST)
[18]. Each study was assessed by two reviewers independently
(PSV, KKC, CFS, XY, and SZ), with disagreements discussed
until agreement was reached. Articles coauthored by a reviewer
were assessed by other reviewers.

Results

Overall Summary
In total, 99,545 references were identified, of which 24,392
were unique after deduplication (Figure 1). A total of 16 studies
met the eligibility criteria and were included in the review
[19-34]. A total of 7 blood test trend-based prediction models
were developed in total among 5 studies [23,27,28,30,31] and
the remaining 11 studies [19-22,24-26,29,32-34] externally
validated existing prediction models. In total, there were 14
external validations of 2 models (ColonFlag by Kinar et al [27]
and ENDPAC (Enriching New-Onset Diabetes for Pancreatic
Cancer) by Sharma et al [30]).
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Figure 1. PRISMA (preferred reporting items for systematic review and meta-analysis) diagram.
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Description of Studies

Study Design
A description of each study is provided in Table S3 in
Multimedia Appendix 1. Of the 16 studies, a case-control design
was used by 19% (n=3) [23,25,29] and cohort design by 81%
(n=13) [19-22,24,26-28,30-34]. In addition, 25% (n=4)
[19,20,22,24] used prospectively-collected data and 75% (n=12)
[21,23,25-34] used retrospective data. Furthermore, 19% (n=3)
[19,20,28] collected data at clinical centers, 75% (n=12)
[21-23,25-27,29-34] used eHealth record databases, and 6%
(n=1) [24] used both. All studies used opportunistic tests (ie,
performed for any reason excluding screening for cancer, such
as to monitor symptoms or comorbidity).

Participants
The mean number of participants recruited was 23,896 among
prospective studies and 502,730 among retrospective studies,
ranging from 617 to 2,914,589 participants over all the studies.
The 16 articles spanned 4 different countries: the United States
of America (44%, n=7) [23,25,28-30,33,34], the United
Kingdom (25%, n=4) [19-21,31], Israel (25%, n=4)
[22,26,27,32], and Canada (6%, n=1) [24]. The period of
recruitment ranged from 1996 to 2020 in all studies. There were

38% (n=6) [21,26-28,31,32] studies conducted in primary care,
12% (n=2) [19,20] in secondary care, and 31% (n=5) in other
settings: community-based insured adults (n=1) [25], endoscopy
unit (n=1) [24], and insured individuals (n=3) [23,29,33]. It was
unclear in 18% (n=3) [22,30,34]. One study [24] (6%) was
limited to asymptomatic patients, including only patients without
symptoms, and the remaining 94% (n=15) [19-23,25-34]
included participants regardless of whether they experienced
symptoms or not. A total of 6 studies [20,21,24,26,28,31]
reported age, with a mean age 58.1 years (SD 5.2) among them.
A total of 7 studies [21,25,27-29,31,32] reported sex, with mean
54.9% (SD 3.9) of females among them.

Model Building Strategy
Characteristics of the 7 models are in Table 2. A total of 4
models (57%) were developed in the USA population [23,28,30],
2 (29%) in United Kingdom [31], and 1 (14%) in Israel [27].
A total of 3 models (43%) were developed for risk of colorectal
cancer [27,31], 2 (29%) for gastro-intestinal cancer (defined by
Read as cancer of the esophagus, stomach, small intestine, colon,
rectum, or anus) [28], 1 (14%) for nonsmall cell lung cancer
[23], and 1 (14%) for pancreatic cancer [30]. A total of 6 models
assessed cancer risk from the time of the latest blood test
included and it was unclear in one study [23].

JMIR Cancer 2025 | vol. 11 | e70275 | p.105https://cancer.jmir.org/2025/1/e70275
(page number not for citation purposes)

Virdee et alJMIR CANCER

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Table . Characteristics of 7 trend-based prediction models for cancer diagnosis.

Predictors in
the final mod-
el

Number of
cases/total

Blood level(s)
trend

Patient settingOutcome risk
window

OutcomeModel (name,
if assigned)

CountryArticle

Age, sex, edu-
cation, race,

3942/117669ALTa, creati-
nine, blood

Other – in-
sured individu-
als

DiagnosisNonsmall cell
lung cancer

MESUnited States
of America

Gould et al
[23]

marital status,
smoking sta-

glucose,

MCHCb, tus, smoking
platelets,

RDWc, WBCd
pack year,
smoking
years, smok-
ing intensity,
days since
quitting, Hospi-
talization due
to COPD and
allied condi-
tions, Diagno-
sis of COPD
and allied con-
ditions, Hospi-
talization due
to Cancer, Di-
agnosis of
Cancer, ALT,
Creatinine,
Glucose,
MCHC,
Platelets,
RDW, WBC

RBC,
hemoglobin,

2437/466107RBCe,
hemoglobin,

Primary care3‐6 monthsColorectal
cancer

ColonFlagIsraelKinar et al
[27]

hematocrit,hematocrit,
MCV, MCH,

MCVf, MCHg, MCHC,
MCHC, RDW,
RDW, platelets,
platelets, MPV, WBC,
MPVh, WBC, basophil#, ba-
basophil#, ba- sophil%,
sophil%, eosinophil#,
eosinophil#, eosinophil%,
eosinophil%, lymphocyte#,
lymphocyte#, lymphocyte
lymphocyte %, mono-
%, mono- cyte#, mono-
cyte#, mono- cyte %, neu-
cyte %, neu- trophil#, neu-
trophil#, neu-
trophil %

trophil %, age,
sex

JMIR Cancer 2025 | vol. 11 | e70275 | p.106https://cancer.jmir.org/2025/1/e70275
(page number not for citation purposes)

Virdee et alJMIR CANCER

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Predictors in
the final mod-
el

Number of
cases/total

Blood level(s)
trend

Patient settingOutcome risk
window

OutcomeModel (name,
if assigned)

CountryArticle

Age, sex, race,
BMI, RBC,
hemoglobin,
hematocrit,
MCV, MCH,
MCHC,
RDW,
platelets,
MPV, WBC,
basophil#, ba-
sophil%,
eosinophil#,
eosinophil%,
lymphocyte#,
lymphocyte
%, mono-
cyte#, mono-
cyte %, neu-
trophil#, neu-
trophil %,
most recent
BMP (8 com-
ponents)

1025/148158RBC,
hemoglobin,
hematocrit,
MCV, MCH,
MCHC,
RDW,
platelets,
MPV, WBC,
basophil#, ba-
sophil%,
eosinophil#,
eosinophil%,
lymphocyte#,
lymphocyte
%, mono-
cyte#, mono-
cyte %, neu-
trophil#, neu-
trophil %

Primary care6 monthsGastrointesti-
nal cancer
(esophagus,
stomach, small
intestine,
colon, rectum,
or anus)

Logistic mod-
el

United States
of America

Read et al [28]

Age, sex, race,
BMI, RBC,
hemoglobin,
hematocrit,
MCV, MCH,
MCHC,
RDW,
platelets,
MPV, WBC,
basophil#, ba-
sophil%,
eosinophil#,
eosinophil%,
lymphocyte#,
lymphocyte
%, mono-
cyte#, mono-
cyte %, neu-
trophil#, neu-
trophil %,
most recent
BMP (8 com-
ponents)

1025/148158RBC,
hemoglobin,
hematocrit,
MCV, MCH,
MCHC,
RDW,
platelets,
MPV, WBC,
basophil#, ba-
sophil%,
eosinophil#,
eosinophil%,
lymphocyte#,
lymphocyte
%, mono-
cyte#, mono-
cyte %, neu-
trophil#, neu-
trophil %

Primary care6 monthsGastrointesti-
nal cancer
(esophagus,
stomach, small
intestine,
colon, rectum,
or anus)

Machine
learning mod-
el

United States
of America

Read et al [28]

Change in
weight,
change in
blood glucose
category, age,
change in
blood glucose

16/256Blood glucoseUnclear3 yearsPancreatic
cancer

ENDPACiUnited States
of America

Sharma et al
[30]

Age,
hemoglobin
trend, MCV
trend, platelets
trend

677/246695Hemoglobin,
MCV,
platelets

Primary care2 yearsColorectal
cancer

BLOOD-

TRACCj Col-
orectal (fe-
males)

United King-
dom

Virdee et al
[31]
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Predictors in
the final mod-
el

Number of
cases/total

Blood level(s)
trend

Patient settingOutcome risk
window

OutcomeModel (name,
if assigned)

CountryArticle

Age,
hemoglobin
trend, MCV
trend, platelets
trend

865/250716Hemoglobin,
MCV,
platelets

Primary care2 yearsColorectal
cancer

BLOOD-
TRACC Col-
orectal (males)

United King-
dom

Virdee [31]

aALT: alanine aminotransaminase.
bMCHC: mean cell hemoglobin concentration.
cRDW: red blood cell distribution width.
dWBC: white blood cell count.
eRBC: red blood cell count.
fMCV: mean cell volume.
gMCH: mean cell hemoglobin.
hMPV: mean platelet volume.
iENDPAC: enriching new-onset diabetes for pancreatic cancer.
jBLOODTRACC: full blood count trends for colorectal cancer detection.

In total, 2 models were developed using multivariate joint
modeling [31], 2 using logistic regression [28,30], and 1 using
each of XGBoost [23], decision trees [27], and random forests
[28]. A total of 3 models (43%) were built by including all
candidate predictors [27,28], 2 (29%) included clinically relevant
predictors that were commonly available in practice [31], 1
(14%) included statistically significant variables in univariable
analysis [30], and the model building process was unclear for
1 (14%) model [23]. To address missing blood test data, 2 (29%)
models derived missing blood levels from other available blood
levels using known mathematical relationships (eg mean cell
hemoglobin=hemoglobin/red blood cell count) [31], 2 (29%)
used imputation methods [28], 1 (14%) analyzed the blood test
data as-is (without altering missing data) [23], and 1 (14%) used
other methods (linear models to replace missing values using
historical blood tests or mean value across all blood tests if no
historic blood tests were present) [27]. Methods for handling
missing blood test data were not discussed in 1 (14%) study
[30].

Modeling Blood Test Trends
A total of 3 models (43%) assessed trends over repeated
quantitative blood test results; Kinar et al [27] used ensembles
of decision trees for the ColonFlag model, modeling changes
over tests measured at 3‐6 months before diagnosis and 18
and 36 months before that for each patient in the ensemble
model, and Virdee et al [31] used multivariate joint modeling,
which uses mixed-effects modeling to account for differing
numbers of tests and the time between them in sporadically
available repeated measures data between patients, for both
BLOODTRACC models. One model (14%), by Sharma et
al[30], calculated the difference between tests and included this
as a single continuous variable in a logistic regression model
to determine risk. It was unclear how trends were included in
3 (43%) models to predict risk [23,28].

The number of repeat blood tests used to define trend varies
between models. Read et al [28] calculated the change in slope
(reflecting the trend/trajectory) over at least 2 repeated tests
sporadically measured over 3 years, Sharma et al [30] calculated

the difference between blood tests measured at 18-3 months
before new-onset diabetes and included this in their model, and
Virdee et al[35] included the change in slope across all available
blood tests (median=3 per patient) sporadically measured over
5 years to predict risk. The number of repeated blood tests used
to derive trends was not reported for 3 models (43%) but the
period of repeated testing among them ranged between 18
months and 5 years [23,27,30]. See Table S4 in Multimedia
Appendix 1 for further details.

A total of 6 models (86%) used combinations of blood test
trends and 1 model (14%) used trend in a single blood test (plus
with other patient data) to predict cancer risk. The logistic model
and random forests model by Read et al [28] combined trends
in 28 blood tests Kinar et al [27]. combined trends in 20 blood
tests (that make up the FBC) using decision trees, and Gould
et al [23] combined trends in 7 blood tests using XGBoost.
Virdee et al [35] combined 3 blood test trends (hemoglobin,
mean corpuscular volume, and platelets) using multivariate joint
modeing.

Model Reporting
Total 3 (43%) models were reported using appropriate reporting
guidelines to report model findings (TRIPOD [Transparent
Reporting of a multivariable prediction model for Individual
Prognosis Or Diagnosis] guidelines [28,31,36]). For 3 (43%)
models, justification for their choice of outcome risk window
was provided [23,31]. In addition, 2 (29%) models were reported
to be sufficiently powered, having provided a sample size
calculation to show the number of patients and events needed
to ensure reliable predictions and minimize optimistic
performance [31].

Read et al [28] did not report the coefficients from their logistic
model and Sharma et al [30] did not report the intercept from
their logistic model. The full risk equation needed to derive an
individual’s risk of diagnosis was only reported for 2 models
[31]. The models developed using XGBoost, decision trees, and
random forests were not reported, due to the nature of machine
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learning, and a reference to publicly available models was not
provided [23,27,28].

Internal Validation
A total of 6 (86%) models underwent internal validation and
one (14%) (by Sharma [30]) did not (Table 3). The internal
validation sample was obtained using random data splitting for

4 (57%) models [23,27,31] and cross-validation for 2 (29%)
models [23,,2828]. On average, there were 214,883 participants
in the validation samples, ranging from 78,433 to 462,900. A
total of 4 (57%) models were adjusted for overestimated
performance [27,28,31] and it was unclear for 2 (29%) models
[23,28].
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Table . Performance statistics from internal and external validations of the final models, which include trends and other patient data.

CalibrationDiscriminationOverall performanceOutcome risk
window

Model
name/descrip-
tion

Article

ResultMethodResult (95%
CI)

MethodResultMethod

Internal validation

Isotonic regres-
sion

0.870
(0.856‐
0.886)

AUC/C-statis-
tic

No3‐6 monthsMES    Gould et al
[23]

No0.862
(0.845‐
0.878)

AUC/C-statis-
tic

No6‐9 monthsMES    Gould et al
[23]

No0.856
(0.840‐
0.872)

AUC/C-statis-
tic

No9‐12 monthsMES        Gould et
al [23]

No0.84AUC/C-statis-
tic

No1 monthColonFlag    Kinar et al
[27]

P=.47Hosmer-
Lemeshow
test

0.82AUC/C-statis-
tic

No3‐6 monthsColonFlag    Kinar et al
[27]

No0.711 (0.691-
0.731)

AUC/C-statis-
tic

0.008Brier score6 monthsLogistic regres-
sion

    Read et al
[28]

No0.713 (0.689-
0.737)

AUC/C-statis-
tic

0.092Brier score6 monthsMachine-
learning (ran-
dom forest)

    Read et al
[28]

1.05Calibration
slope

0.763
(0.753‐
0.775)

AUC/C-statis-
tic

0.0028Brier score2 yearsBLOOD-

TRACCa Col-
orectal (fe-
males)

    Virdee et al
[35]

1.06Calibration
slope

0.751
(0.739‐
0.764)

AUC/C-statis-
tic

0.0033Brier score2 yearsBLOOD-
TRACC Col-
orectal (males)

    Virdee et al
[35]

External validation

NoNoNoDiagnosisColonFlag    Ayling et al
[19]

NoNoNo6 monthsColonFlag    Ayling et al
[20]

No0.844
(0.839‐
0.849)

AUC/C-statis-
tic

No3‐6 monthsColonFlag    Birks et al
[21]

No0.813
(0.809‐
0.818)

AUC/C-statis-
tic

No6‐12 monthsColonFlag    Birks et al
[21]

No0.791
(0.786‐
0.796)

AUC/C-statis-
tic

No12‐24
months

ColonFlag    Birks et al
[21]

No0.776
(0.771‐
0.781)

AUC/C-statis-
tic

No18‐24
months

ColonFlag    Birks et al
[21]

No0.751
(0.746‐
0.756)

AUC/C-statis-
tic

No24‐36
months

ColonFlag    Birks et al
[21]

NoNoNoDiagnosisColonFlag    Goshen et al
[22]

NoNoNo1 yearColonFlag    Hilsden et
al [24]
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CalibrationDiscriminationOverall performanceOutcome risk
window

Model
name/descrip-
tion

Article

ResultMethodResult (95%
CI)

MethodResultMethod

No0.80 (0.79‐
0.82)

AUC/C-statis-
tic

No6 monthsColonFlag    Hornbrook
et al [25]

No0.84 (0.82‐
0.86)

AUC/C-statis-
tic

No1 monthColonFlag    Kinar et al
[27]

P<.001Hosmer-
Lemeshow
test

0.81 (0.80‐
0.83)

AUC/C-statis-
tic

No3‐6 monthsColonFlag    Kinar et al
[27]

NoNoNo12‐18
months

ColonFlag    Kinar et al
[26]

No0.78 (0.77‐
0.78)

AUC/C-statis-
tic

No6 monthsColonFlag    Schneider et
al [29]

No0.761
(0.744‐
0.768)

AUC/C-statis-
tic

No2 yearsColonFlag    Virdee et al
[31](Females)

No0.762
(0.749‐
0.774)

AUC/C-statis-
tic

No2 yearsColonFlag    Virdee et al
[31] (Males)

No0.69AUC/C-statis-
tic

No3 yearsENDPACb    Boursi et al
[32]

No0.75AUC/C-statis-
tic

No3 yearsENDPAC    Chen et al
[33]

No0.72AUC/C-statis-
tic

No4 yearsENDPAC    Khan et al
[34]

NoNoNoDiagnosisENDPAC    [30] Sharma
et al [30]

aBLOODTRACC: Full blood count trends for colorectal cancer detection.
bENDPAC: enriching new-onset diabetes for pancreatic cancer.

Only 4 (57%) models assessed overall performance. Virdee et
al [31], derived Brier scores of 0.0028 (men) and 0.0033
(women) for 2-year risk of colorectal cancer and Read et al [28]
derived Brier scores of 0.008 (logistic regression) and 0.092
(random forests) for 6-month risk of GI cancer28.

A total of 6 (86%) models (100% of those internally validated)
assessed discrimination, each using the c-statistic. Gould 2021
[23] and Kinar 2016 [27] reported c-statistic=0.87 and 0.82 for
3‐6-month risk of nonsmall cell lung cancer in the United
States of America and Israel based on various blood test trends
measured over 5 years combined with other patient data and
colorectal cancer based on all FBC parameters over 3 years
combined with other patient data, respectively. Read 2023 [28]
reported c-statistic=0.711 (logistic regression) and 0.713
(random forests) for 6-month risk of GI cancer based on FBC
trends combined with other patient data. Virdee et al [31]
reported c-statistic=0.75 (men) and 0.76 (women) for 2-year
risk of colorectal cancer following trends in hemoglobin, mean
cell volume, and platelets, together with age, measured over 5
years in UK primary care patients.

A total of 4 (57%) models were assessed for calibration. Gould
2021 [23] used isotonic regression to assess calibration, but did
not report the corresponding results. Kinar 2016 [27] used the
Hosmer-Lemeshow test and reported P=.47 for 3‐6 month

risk of colorectal cancer. Virdee et al [31] derived calibration
slopes of 1.06 (men) and 1.05 (women) for 2-year risk of
colorectal cancer and presented calibration plots.

External Validation
Fourteen external validation studies were performed in total for
2 models (Table 3): the ColonFlag by [27] was externally
validated by 10 studies and the ENDPAC model by [30] by 4
studies. There were on average 244,580 participants included
in the external validation studies, ranging from 532 to 2,225,249.
Overall performance, discrimination, and calibration are all
essential assessments to assess external validity of prediction
models [37]. Overall performance of the ColonFlag or ENDPAC
model was not assessed during external validation.

A total of 6 (29%) of the 14 external validations assessed
discrimination, with all using the c-statistic. Birks et al [21]
externally validated ColonFlag at multiple time intervals
between the most recent blood test and diagnosis in a UK
sample, reporting c-statistic=0.844 at 3‐6 months, which
reduced to 0.751 at 23‐36 months [21]. Kinar et al [27] also
externally validated the ColonFlag using UK data and reported
a similar c-statistic (0.81) at 3‐6 months before colorectal
cancer diagnosis [27]. However, Kinar et al [27] removed the
red blood cell distribution width blood level from the model
and assessed predictive performance of the resulting model.
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This was because the UK dataset did not include red blood cell
distribution width, but the removal of a predictor from the model
consequently means the external validation is incomplete.

A total of 4 studies with available data assessed <6-month risk
of colorectal from ColonFlag and were included in a
random-effects meta-analysis [21,25,27,29]. The pooled estimate

indicated c-statistic=0.81 (95% CI 0.77‐0.85) (τ2=0.0016),

with 99.1% (I2) of the heterogeneity attributable to
between-study differences (Figure 2). Our post hoc
meta-analyses including only primary care populations and
nonprimary care populations separately reduced heterogeneity,
but this remained high (Figure S1 in Multimedia Appendix 1).

Calibration was assessed by Kinar et al [27]2016 only, using
the Hosmer-Lemeshow test for the ColonFlag. They reported
weak calibration at 3‐6 months in the UK dataset (P<.001).

Figure 2. Forest plot of c-statistic for risk of colorectal cancer from ColonFlag external validations [21,25,27,29].

Added Value of Trend
Kinar et al [27] assessed which blood test trends contributed
most to the c-statistic of their prediction model for 3‐6 month
risk of colorectal cancer. Their model included trend in 20 FBC
parameters, age, and sex. Red blood cell-related parameters
contributed the most to the c-statistic, with trend in hemoglobin
contributing the most (around 0.11) when added to age and sex.
White blood cell-related parameters added the least to the
c-statistic when combined with age and sex, such as adding
around 0.03 AUC with the inclusion of monocyte count trend.

Read et al [28] used logistic regression to develop prediction
models for the 6-month risk of gastro-intestinal cancer, including
age, sex, BMI, blood test trends, and further covariates. They
compared the c-statistic of their final model to one including
blood tests measured at a single time point (the last test prior
to the prediction interval). They report a higher c-statistic for
their model including blood test trends (0.711, 95% CI
0.691‐0.731) compared with the model including blood tests
from a single time point (0.697, 95% CI 0.679‐0.715). As
secondary analyses, they assessed the c-statistic for one-, three-,

and five-year risk, reporting higher c-statistics for models
including blood test trends compared to models including single
blood tests for one- (0.705, 95% CI 0.689‐0.722 trend and
0.693, 95% CI 0.675‐0.710 single) and three-year (0.735, 95%
CI 0.713‐0.757 trend and 0.683, 95% CI 0.665‐0.701 single)
risk but a lower c-statistic for their model including trends for
five-year risk (0.672, 95% CI 0.653‐0.691 trend and 0.703,
95% CI 0.686‐0.720 single). No other study reported the added
benefit of blood test trend to the prediction models.

Risk of Bias
Risk of bias for each domain is summarised in Figure 3 and per
study in Table S5 in Multimedia Appendix 1. All 16 studies
scored a low risk of bias in the predictors and outcome domains.
All but 3 studies in the participant domain scored low risk of
bias, with (Gould et al, Hornbrook et al, and, Schneider et al
[23,25,29]) scoring high risk of bias for not including all eligible
patients in their analyses. All but one study scored a high risk
of bias in the analysis domain, commonly due to studies
removing patients with missing data from all their analyses, not
adjusting the developed model for under or overfitting, or not
accounting for complexities in the data, such as censoring.
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Figure 3. Summary of risk of bias scores, assessed using the prediction model risk of bias assessment tool.

Discussion

Principal Findings
This systematic review builds on our recent review on the
association between blood test trend and cancer diagnosis [13]
by highlighting the potential for risk stratification and
methodological considerations of incorporating combinations
of trends into cancer risk prediction models for use in practice.
Our review identified logistic regression (incorporating the
difference between 2 blood tests as a single variable) and
multivariate joint modeling as the most commonly used
modeling techniques. Models were often developed using poor
methods. For example, although all but one model underwent
internal validation during model development, model
performance was not adequately assessed, with calibration often
ignored and recalibration rarely performed for overfitting
[37-41]. Where calibration was assessed, the Hosmer-Lemeshow
test was sometimes used, which is known to have limited power
and poor interpretability [37]. Many models were inadequately
reported, with only one study providing the full risk-equation
needed to derive an individual’s risk of diagnosis. Without the
full risk equation being available, models are unlikely to be
independently externally validated or easily embedded into
practice. Although our primary focus was to critically appraise
trend-based prediction models, it is important to also highlight
caution in the interpretation of performance measures from the
models, as these may be subject to publication bias. For
example, a prediction model with a poorer c-statistic is less
likely to be published.

The ColonFlag model was most commonly externally validated,
although this model is commercially developed so not publicly
available. This model uses trends in FBC parameters to predict

a monotonic score confined between 0‐100, where higher
scores reflect a higher likelihood of colorectal cancer diagnosis
[27]. A pooled c-statistic of 0.81 from 4 studies indicates that
trends in the FBC could be generalizable to other clinical
settings and geographical locations, with good predictive ability
to distinguish between patients with and without colorectal
cancer. Heterogeneity was however high. This was anticipated
due to the variation between studies included in the
meta-analysis, such as differing geographical settings, health
care systems, and eHealth records used. Therefore, caution
should be given in the interpretation of these results when
making generalisations between different clinical settings. There
were few studies demonstrating the external validity of other
models including blood test trend. Predictive ability of models
was not assessed by cancer characteristics, such as by cancer
stage, in any study.

Comparison of Models
A total of 3 models were identified for colorectal cancer: the
ColonFlag and sex-specific BLOODTRACC models. Both
models include age and sex, with the ColonFlag also including
trend in all 20 FBC parameters and the BLOODTRACC models
including trend in only three FBC parameters (hemoglobin,
mean cell volume, and platelets). The ColonFlag uses changes
over tests measured at 36 and 18 months up to the current test,
with all patients requiring a test at each time point, whereas the
BLOODTRACC models use all available tests over a five-year
period before the current test and takes into consideration the
timing of tests, as blood tests are not performed routinely in the
United Kingdom. Although the ColonFlag was developed for
3‐6 month risk in Israeli primary care, external validation
studies of this model for two-year risk found it performed
similarly to the BLOODTRACC models for 2-year risk in UK
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primary care. This suggests that the 17 additional blood test
trends in the ColonFlag may not add further diagnostic benefit
to the combination of hemoglobin, mean corpuscular volume,
and platelet trends for colorectal cancer. This may suggest that
the underlying methodology used to develop the models
(decision trees for the ColonFlag and joint modeling for the
BLOODTRACC models) does not affect discriminative
performance, but this would need assessing on the same patient
dataset and multiple study designs employed to reduce
heterogeneity. This assessment was performed in the
BLOODTRACC model derivation study, where both models
derived comparable c-statistics in the same cohort, both overall
and in subgroups of age, by number of blood tests used to derive
trends, and by longitudinal period used to derive trends [31].

Read et al[28] developed two models for gastro-intestinal cancer,
one using random forests and one using logistic regression.
Both models were designed to be as similar as possible, such
as using the same study sample, outcome window, longitudinal
period to derive trends, and similar covariates, with the
methodological approach used to derive the methods being the
biggest difference. Both models achieved an AUC of 0.71,
suggesting that the underlying methodological approach may
not affect discriminative performance, although the logistic
model had better overall performance (lower Brier score).
Neither model was assessed for calibration so further testing is
required.

The remaining 2 models were for lung and pancreatic cancer.
These were not compared with other models, as no further
models for lung or pancreatic cancer were identified.

Strengths and Limitations
To our knowledge, this is the first review of cancer prediction
models that incorporate blood test trend. We performed a
comprehensive search, developed with an information specialist,
including full-length articles retrieved from MEDLINE and
EMBASE. It is possible that additional relevant studies may be
found exclusively in other databases and were missed by our
review. However, it is likely that most relevant manuscripts
were found, as MEDLINE and EMBASE had 97.5% coverage
of articles in previous systematic reviews and we conducted
citation searching of all included manuscripts [42]. Our review
identified prediction models for only four cancer types, with
two externally validated (colorectal and pancreatic). We were
therefore unable to draw conclusions regarding external validity
for many cancer types. One further limitation is that we were
unable to draw conclusions regarding publication bias, assessing
whether prediction models were more likely to be published if
they had good predictive performance. Only five models had
c-statistics with corresponding confidence intervals at internal
validation, making it difficult to assess symmetry in a funnel
plot and deduce any publication bias.

Comparison With Previous Work
To date, prediction models for cancer risk are most commonly
developed using single blood test results (plus other predictors).
These include the QCancer models for the 2-year risk of cancer
[43,44] and unexpected weight loss models for the 6-month risk
of cancer [45], which combine patient demographics, symptoms,

and single blood test values for cancer risk in symptomatic
patients in UK primary care practices. Collectively, these models
have c-statistics ranging 0.79‐0.92, comparable to 0.71‐0.87
reported for the models included in this review, which often
included only blood test trends, age, and sex and different
outcome risk windows. Existing systematic reviews have
identified prediction models for individual cancer sites,
including lung, breast, colorectal, and prostate, but the focus of
these reviews was not on the role of blood test trend [46-49].
Lung cancer prediction models in those reviews often included
patient demographics, pneumonia, exposure to smoking, and
single blood tests for one-year risk, with c-statistic ranging
0.66‐0.91. In this review, Gould et al [23] reported 0.87 for
six-month risk of lung cancer using similar predictors combined
with trend in seven blood tests. Colorectal cancer prediction
models in those reviews often included patient demographics
and single blood tests, with c-statistic ranging from 0.82‐0.84
for 6-month risk and 0.72‐0.92 for 2-year risk. In this review,
Kinar et al [27] and Birks et al [21] reported 0.82‐0.84 for
6-month risk and Virdee et al [31] reported 0.75‐0.76 for
2-year risk of colorectal cancer using trend in 20 and three blood
tests, respectively, age, and sex. Although those reviews
identified prediction models using single blood test results for
breast and prostate cancer [46,49], we found no prediction
models incorporating trends for these cancers in this systematic
review.

Clinical and Research Implications
Thorough testing of prediction models is required before clinical
guidelines for cancer investigation can incorporate blood test
trends. This includes assessment for the predictive ability of
blood test trend compared to single blood tests and symptoms
and the potential for early detection of cancer. For example, in
the cancer field, the NICE guidelines recommend primary care
to refer for cancer investigation if a patient’s risk is above 3%,
which is often used to support referral of symptomatic patients,
whose risk is likely higher than nonsymptomatic patients. For
models derived for more general populations, such as the
trend-based models included in this review, there is no clear
cut-off. To assess the potential added benefit of trend, studies
would need to compare the diagnostic accuracy of trend-based
and static/single-test models. No study in our review performed
such comparisons, so this potential remains unknown. Patient-
and clinician-acceptability of blood test trend approaches for
cancer detection also requires investigation to optimize uptake
of such models in practice. As some clinicians order blood tests
more than others, methods to standardize blood testing across
practices may be warranted and could reduce practice-level
variability through clinical guidelines on repeat blood testing.
This additional testing may add burden to health care, but the
balance of patient benefit and outcomes to health care burden
would need investigation. In terms of reporting, prediction
models were often not reported in full, which is required for
implementation into clinical systems and use in practice. Future
models should follow appropriate reporting guidelines to ensure
they are appropriately reported, such as the TRIPOD [36] or
TRIPOD-AI [50] guidelines.

Sub-optimal methods to analyse trends were often identified,
such as logistic regression incorporating change between tests.
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Recent technological advancements have allowed for dynamic
models, which are designed for repeated measures data by
appropriately accounting for nonindependent data sporadically
recorded in routine clinical practice [51], to be incorporated
into analysis software packages. These include models such as
landmarking and joint modeling of longitudinal and
time-to-event data [52-54]. Research is required to assess the
implementation considerations of different methodological
techniques. For example, the feasibility of incorporating
computationally intensive approaches, such as joint modeling,
or approaches that require larger datasets or are nontransparent,
such as machine learning. Our ongoing research aims to develop
and validate trend-based prediction models for cancer, with
eventual integration of trend into risk stratification in clinical
practice [55]. Future prediction model studies should employ

appropriate validation metrics, as we found that most studies
did not assess overall performance or calibration. Further
sub-optimal analysis methods commonly used included
removing patients with missing data from all their analyses, not
adjusting the developed model for under or overfitting, or not
accounting for complexities in the data, such as censoring.
Future models should consider such points to reduce bias.

Conclusion
We highlight the cancers for which there is a reported prediction
model incorporating changes in repeated blood tests over time
and the cancers and blood tests with no published literature. We
provide an overview of the predictive performance of prediction
models incorporating blood test trends and highlight that further
testing is needed for all models identified. This review lays the
foundation for further research.
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Abstract

Background: Many cancer survivors experience a wide range of symptoms closely linked to psychological problems, highlighting
the need for psychological treatment, one of the most popular being mindfulness. The use of the internet has greatly increased in
the last decade, and has encouraged the use of remote-based interventions to help people living with cancer access treatment
remotely via devices.

Objective: The primary aim of this study was to explore the efficacy of internet-based mindfulness interventions on the physical
symptoms of people living with cancer, where physical symptoms are defined as distressing somatic experiences (eg fatigue,
insomnia, and pain) regardless of the underlying cause. The secondary aim was to investigate interventions for the quality of life
(QoL).

Methods: This study followed the Preferred Reporting Items for Systematic Review and Meta-analysis (PRISMA) guidelines.
Relevant articles were systematically searched using electronic databases, namely Scopus, Medline through PubMed, Cumulated
Index in Nursing and Allied Health Literature (CINAHL) through EBSCOhost, and Cochrane Central Database. Randomized
controlled and pilot trials involving adults and/or older adults with cancer and using remote-based mindfulness interventions
compared to usual care were included. The quality of the trials included in this study was assessed using the revised Cochrane
risk of bias, version 2.0. This study estimated the standardized mean difference (SMD) and mean difference (MD) with 95% CI.

The I2 test was used to identify potential causes of heterogeneity. Publication bias was assessed using contour-enhanced funnel
plots and the Egger linear regression test to reveal a small study effect.

Results: The initial search yielded 1985 records, of which 13 studies were ultimately included. After treatment, remote-based
mindfulness significantly reduced fatigue (SMD −0.94; 95% CI: −1.56 to −0.33; P=.002), sleep disturbance (SMD −0.36; 95%
CI: −0.60 to −0.12; P=.004), and improved physical function (SMD .25; 95% CI: 0.09 to 0.41; P=.002) compared to that observed
before treatment. However, compared with usual care, remote-based mindfulness showed a statistically significant reduction only
in sleep disturbance (SMD: −0.37; 95% CI: −0.58 to −0.16; P=.0006) after treatment. Moreover, remote-based mindfulness was
not statistically significant in reducing pain both within and between groups.

Conclusions: Remote-based mindfulness shows promise in reducing sleep disturbances; however, its impact on fatigue, pain,
and physical function may be limited.

(JMIR Cancer 2025;11:e54154)   doi:10.2196/54154
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Introduction

Advancements in cancer medication have extended the life
expectancy of cancer patients in recent years [1]. However,
more cancer survivors undergo cancer treatment for a longer
period. Chronic treatment has been shown to increase symptom
burden and reduce the quality of life (QoL) of cancer survivors
[2-7]. More than two-thirds of cancer survivors with advanced
disease are symptomatic [8]. Cancer survivors receive supportive
care focused on relieving symptoms at all stages of their illness
[9-11].

Most cancer survivors frequently experience physical symptoms
such as pain and fatigue. Physical symptoms are defined as the
subjective experiences of distressing somatic symptoms (eg
fatigue, insomnia, pain, and nausea), regardless of the cause
[12]. In most cancer survivors, pain may be managed with
relatively standard treatment [13]. Recent suggestions include
a multimodal approach with tailored therapy, including
perceptual, homeostatic, and behavioral reactions to chronic
illness. This approach allows healthcare professionals to
dynamically manage pain by integrating pharmacological and
nonpharmacological strategies (eg, acupuncture and
psychotherapy) based on pain pathophysiology and
characteristics. Following pain symptoms, 50‐90% of patients
experience fatigue, which negatively affects their daily activities
and QoL [14]. Insomnia is also a common symptom in cancer
survivors and can have a systematic effect on psychological
burdens, such as stress, fatigue, and depression [15,16].

The symptoms experienced by cancer survivors and their
relationship with psychological problems often benefit from
psychotherapy. The benefits of psychotherapy can be explained
by the body-mind-spirit model [17], which highlights the
interconnectedness of physical, mental, and spiritual health [18].
Commonly used psychotherapies include mindfulness-based
stress reduction-based interventions and cognitive behavioral
therapy (CBT). These therapies are effective in reducing
symptoms in cancer survivors, particularly chronic pain and
stress [19-21]. CBT is considered beneficial for alleviating pain
and other symptoms by reducing catastrophic thinking and
enhancing self-efficacy in coping with symptoms such as pain
[22]. Similarly, mindfulness-based interventions are considered
beneficial for chronic pain by promoting mindfulness and
promoting greater acceptance of pain or other symptoms [22].
Unlike traditional psychotherapies, such as CBT, which
primarily focus on cognitive restructuring, mindfulness
interventions offer the unique benefit of directly enhancing
patients’capacity for present-moment awareness and acceptance
of their experiences.

Advancements in healthcare information technology along with
the broader accessibility of healthcare services have driven the
rapid growth of remote-based interventions. The intervention
spans a wide array of practices and specialties, facilitating
interactions through various modalities such as telephone, email,
video conferencing, online platforms, and remote monitoring

devices. The rapid growth of remote-based methods has led to
the delivery of mindfulness through the internet. Remote-based
interventions have been integrated into cancer care and
treatment, which suggests a benefit in treatment outcomes [23].
Remote-based mindfulness is defined as a psychotherapy
program that uses a technological device that ensures interactive
and immediate communication and does not require the patient
to be present with the therapist [24].

Recent evidence suggests the benefits of remote-based
interventions using a website on psychological well-being, such
as reducing distress, depression, and anxiety [25-27].
Remote-based interventions may be more suitable for patients
who experience weakness and fatigue due to physical
limitations, such as cancer survivors. A study conducted by
Schellekens et al suggested the benefit of web-based
mindfulness-based cognitive therapy programs for improving
care outcomes in patients with chronic cancer-related fatigue
[28]. While a previous meta-analysis has evaluated the benefit
of remote-based mindfulness for cancer survivors [29,30], its
focus on physical symptom outcomes remains limited.
Therefore, this study aimed to explore the benefit of
remote-based mindfulness interventions on physical symptom
outcomes as a primary and/or secondary outcome of trial studies
in cancer survivors.

Methods

Study Design
This study was a systematic review and meta-analysis. This
study was presented in accordance with the preferred reporting
items for systematic reviews and meta-analyses (PRISMA;
Checklist 1) [31]. The protocol was not prospectively registered
in any database such as PROSPERO (Prospective Register of
Systematic Reviews).

Eligibility Criteria
The inclusion criteria were defined according to the Population,
Intervention, Comparison, Outcome (PICO) framework. The
population of the included studies was diagnosed with cancer
through imaging, laboratory tests (including tumor marker tests),
tumor biopsies, endoscopic examinations, surgeries, and genetic
testing. Interventions were remote-based mindfulness
interventions defined as mindfulness interventions that
integrated information and communication technology, such as
mobile phones, websites, mobile apps, and asynchronous
instruction with text-based reminder messages. Comparisons
were defined as standard or usual care with face-to-face
mindfulness interventions, or standard cancer care. The
outcomes of this study included the physical symptoms related
to cancer outcomes. Physical symptoms were defined as the
subjective experiences of distressing somatic symptoms (eg,
fatigue, insomnia, and pain). The outcomes were measured
using self-reports or standard questionnaires. The exclusion
criteria were the types of articles, such as case reports, editorials,
invited commentary, reviews, non-research letters, and
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abstract-only articles. To prevent bias, articles published before
2012 and those written in a language other than English as an
international language were excluded from this study. This
review focused on studies published after 2012 to ensure that
the findings represented the most recent advancements in
technology, healthcare practices, and guidelines that have
progressed markedly over the past decade.

Study Search Strategy and Selection Process
The selection process for this study followed the Preferred
Reporting Items for Systematic Reviews and Meta-Analyses
protocol. This review systematically searched electronic
databases, namely Scopus, Medline, PubMed, Cumulated Index
in Nursing and Allied Health Literature (CINAHL), EBSCOhost,
and the Cochrane Central Database. The search was conducted
until December 2022. The following keywords were used. (All
Fields] OR Internet-based intervention “web-based”[All Fields]
OR “internet-based intervention”[All Fields] OR “online
based”[All Fields]) AND (“mind s”[All Fields] OR
“minded”[All Fields ] OR “mindful”[All Fields] OR
“mindfulness”[MeSH Terms] OR “mindfulness”[All Fields]
OR “mindfulness intervention”[All Fields] OR
“mindfulness-based stress reduction”[All Fields] OR
“mindfulness- based cognitive therapy”[All Fields]) AND
(“cancer s”[All Fields] OR “cancer”[All Fields] OR
“cancers”[All Fields] OR “oncology patients”[All Fields] OR
“Patients with cancer” [All Fields]). The detailed search strategy
can be found in Multimedia Appendix 1. In addition, we used
a hand-searched reference list of the included studies to expand
the number of additional studies.

The reference manager automatically removed duplicate articles
using Mendeley (Mendeley Ltd.). Two independent authors
(SM and SA) initially screened the text (eg, title and abstract).
The full text of the articles that met the eligibility criteria were
independently assessed by two independent authors. At this
stage, the articles were meticulously evaluated based on
predetermined inclusion and exclusion criteria, and irrelevant
studies were excluded. Discrepancies were resolved by a third
reviewer (MK).

Data Extraction
Two authors (MK and SM) independently extracted data using
standard tabulation tables (spreadsheets). The following data
were included: study characteristics (ie, author, year, study
design, country, model intervention, and follow-up duration);
participant characteristics (ie, average age, education level,
number of participants, and cancer site); and physical symptoms
(eg pain, fatigue, and insomnia). Data extraction was performed
independently and disagreements were resolved through
discussion and consensus among the authors.

This study assessed the quality of this randomized-controlled
trial (RCT) using the Cochrane risk of bias, version 2.0. Three

authors (MK, SM, and HP) evaluated the enrolled studies
separately. The following factors were considered in the
assessment: bias arising from random processes, bias due to
deviation from the intended intervention, bias due to missing
outcome data, bias in outcome measures, and bias in selection
of reported outcomes. This discourse resolved the differences
in perceptions regarding the quality of the research.

Statistical Analysis
All statistical analyses were performed using Review Manager
version 5.4.1 (RevMan) [32]. This study estimated the effect
size in the form of the standardized mean difference (SMD) for
the outcome and the mean difference (MD), with the 95% CI.
The SMD was used when the outcomes were measured in
different units across studies. The MD was used when the
outcomes were measured in the same unit across studies. The
SMD criteria were divided into three categories: low, medium,
and large effects, with values of <0.5, ≥05, and ≥0.8,
respectively [33]. This review conducted posttreatment analysis
that reported pre- and post–remote-based intervention. We also
conducted a comparison between remote-based intervention

and usual care after treatment. The inconsistency index (I2) and

subgroup analysis using the I2 test were used to identify potential

causes of heterogeneity. An I2 value of >50% and a P-value of
<.05 were considered statistically significant for heterogeneity
[34]. A random-effects model was applied despite the study
heterogeneity to account for interstudy variability [35]. In this
study, a two-tailed P value of .05 was considered statistically
significant. Publication bias was analyzed qualitatively using a
contour-enhanced funnel plot and quantitatively using the Egger
linear regression test.

Results

Study Selection
The process of selecting the studies for inclusion in the review
is presented in Figure 1. An initial search across PubMed,
CINAHL, Scopus, and Cochrane Library databases yielded
1985 articles. A total of 177 duplicate articles were removed
before screening, resulting in 1868 articles. After screening,
1837 studies were excluded because of 38 preregistered studies
(eg ClinicalTrials.gov), and 1799 titles and abstracts were not
relevant. After assessing 31 full-text articles for eligibility, 21
studies were conference abstracts, focused on family outcomes,
not remote-based mindfulness or usability testing, and did not
report the physical outcomes. Ten studies met the criteria
identified through the database, and 3 studies were identified
through manual searches and reference lists of the included
studies. Hence, 13 studies were included in the systematic
review and meta-analysis [26,36-47].
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Figure 1. Study selection process.

Characteristics of the Included Studies
The mean age of the participants was <60 years in 10 of the
included studies and ≥60 years in 2 studies. Most participants
were female, with 74.38% (572/894) in the remote-based
intervention group and 70.61% (322/894) in the usual care
group. The studies were conducted across several countries,
with most studies conducted in the United States (n=4) and the
Netherlands (n=4), followed by China (n=2), and 1 each in
Ireland, Denmark, and Iran. Regarding the study design, 11
studies were RCTs and 2 were pilot RCTs. The mindfulness
type included web-based interventions, mobile apps, and virtual
meetings, whereas the control groups included treatment as
usual, wait-list controls, face-to-face mindfulness, and

interventions without a control group. The outcome
measurements included assessments of fatigue, sleep
disturbances, and physical function. Fatigue was measured in
5 studies by using different instruments, such as the checklist
of individual strength (CIS)-fatigue, BFI-9, fatigue symptom
inventory, and cancer quality of life questionnaire (QLQ)-C30.
Sleep disturbance was evaluated in 6 studies using tools such
as the patient-reported outcomes measurement information
system (PROMIS), Pittsburgh sleep quality index (PSQI), and
insomnia severity index (ISI). Physical function was measured
in 7 studies, most frequently using the short form (SF)-12,
functional assessment of chronic illness therapy (FACIT), and
QLQ-C30. The details of these characteristics are presented in
Table 1 and Multimedia Appendix 2.
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Table . Characteristic of the included studies (n=13).

Characteristics

ReferenceNumber of studies (n=13)Mean age (years)

[36-41,43-45,47]10    <60

[26,42]2    ≥60

[46]1    Data not available

Referencen (%)Sex (Female)

NA572 (74.38)    Remote-based group

NA322 (70.61)    Usual care

ReferenceNumber of studies (n=13)Country

[41,42,44,45]4    United States of America

[40]1    Ireland

[36-39]4    Netherlands

[26]1    Denmark

[43,46]2    China

[47]1    Iran

ReferenceStudy design

[26,37-43,45-47]11    RCTa

[36,44]2    Pilot-RCT

ReferenceNumber of studies (n=13)Type of mindfulness delivered

[36-39,43]5    Web-based

[26,41,42,44]4    Mobile apps

[46,47]2    Virtual meeting

[40,45]2    Unspecified

ReferenceNumber of studies (n=13)Type of control group

[38-40,45-47]6    Treatment as usual

[26,41-43]4    Wait-list control

[37]1    Face-to-face mindfulness

[36,44]2    Without control

ReferenceNumber of studies (n=5)Fatigue measurement

[36]1    CIS-Fatigueb

[41]1    BFI-9

[44,45]2    FSIc

[47]1    QLQ-30d

ReferenceNumber of studies (n=6)Sleep disturbance measurement

[41]1    PROMISe

[43-45]3    PSQIf

[26,47]2    ISIg

ReferenceNumber of studies (n=7)Physical function measurement

[37-39,44]4    SF-12h

[41,42]2    FACITi

[46]1    QLQ-30
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aRCT: randomized-controlled trial.
bCIS-fatigue: checklist individual strength for fatigue.
cFSI: fatigue symptom inventory.
dQLQ-C30: Cancer Quality of Life Questionnaire- C30.
ePROMIS: patient-reported outcome measurement information system.
fPSQI: Pittsburgh Sleep Quality Index.
gISI: insomnia severity index.
hSF-12: short form-12 items.
iFACIT: Functional Assessment of Chronic Illness Therapy.

Study Outcomes
A meta-analysis of remote-based mindfulness revealed 4
physical outcomes. The outcomes included fatigue (n=5), sleep

disturbance (n=6), pain (n=3), and physical function (n=6). The
outcome measurements varied, as shown in Table 1. The effect
sizes for each outcome are listed in Table 2.

Table . Effect size of mobile-based mindfulness on physical symptoms in cancer survivors.

ReferenceHeterogeneityP value95% CIEffect sizeNumber of studiesOutcome

Pre- and postintervention

[36,41,44,45,47]85%.002*b−1.56 to −0.33SMDa −0.945    Fatigue

[26,41,43-45,47]31%.004*−0.60 to −0.12SMD −0.366    Sleep distur-
bance

[40,41,44]85%.06−10.90 to 0.25MDc −5.333    Pain

[37-39,41,44,46]0%.002*0.09 to 0.41SMD 0.256    Physical function

Controlled intervention

[41,45,47]95%.23−2.87 to 0.68SMD −1.093    Fatigue

[26,41,43,45,47]46%.006*−0.58 to −0.16SMD −0.375    Sleep distur-
bance

[40,41]0%.21−2.31 to 0.52MD −0.902    Pain

[38,39,41,42,46]92%.08−0.06 to 1.24SMD 0.595    Physical function

aSMD: Standard mean difference.
bThe asterisk indicates statistical significance (P<.05)
cMD: Mean difference.

Pre- and Postanalysis of Remote-Based Mindfulness
to Physical Outcomes After Treatment
After remote-based mindfulness treatment, cancer survivors
showed a significant reduction in fatigue (SMD −0.94; 95% CI:
−1.56 to −0.33; P=.002), sleep disturbance (SMD −0.36; 95%
CI: −0.60 to −0.12; P=.004), and improvement in physical
function (SMD 0.25; 95% CI: 0.009 to 0.41; P=.002) compared

with baseline or pretreatment values. Although posttreatment
outcomes were more favorable compared to baseline values,
there was no statistically significant difference in pain reduction
(MD −5.33; 95% CI: −10.90 to 0.25; P=.06; Table 2). A forest
plot of the pre- and posttreatment meta-analyses conducted on
the remote-based mindfulness group is shown in Figure 2.
Among these 4 outcomes, fatigue and pain showed significant

heterogeneity (I2=85%).
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Figure 2. Meta-analysis of the benefits of remoted-based mindfulness intervention on physical symptoms after treatment. (A) Fatigue outcome. (B)
Sleep disturbance outcome. (C) Pain outcome. (D) Physical function.

Benefits of Remote-Based Mindfulness on Physical
Symptoms Compared to Usual Care After Treatment
Despite the small effect, the meta-analysis showed that
remote-based mindfulness significantly reduced sleep
disturbance (SMD −0.37; 95% CI: −0.58 to −0.16, P=.0006)
compared with usual care after treatment. There were no
statistically significant differences in the reduction of fatigue,

pain, or improvement of physical function between the
remote-based mindfulness and usual care groups (Table 2).
Although not statistically significant, the remote-based
mindfulness group had reduced fatigue, sleep disturbance, and
pain compared with the usual care group after treatment. The
forest plot of the meta-analysis of the benefits of remote-based
mindfulness compared to usual care after treatment is shown
in Figure 3.
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Figure 3. Meta-analysis of the benefits of remote-based mindfulness intervention on physical symptoms compared to usual care. (A) Fatigue outcome.
(B) Sleep disturbance outcome. (C) Pain outcome. (D) Physical function.

Quality Assessment
Over 75% of the studies showed some concerns in at least 1
domain, but no study was rated as high risk considering the
measurement of the outcomes (Figure 4). Most studies showed
a low risk of bias across most domains, particularly for bias in
the measurement of outcomes and missing outcome data.
However, some concerns were found regarding the bias arising
from the randomization process and deviations from intended

interventions, with several studies lacking sufficient details on
allocation concealment or participant adherence. Two studies,
notably those by Cillessen et al (2018) and Nissen et al (2019),
demonstrated a high risk of bias in the selection of the reported
results. These studies may have selectively reported favorable
outcomes, raising concerns about the validity of their findings.
A detailed assessment of each included study can be found in
the traffic-light plot provided in Multimedia Appendix 3.

Figure 4. Summary risk of bias.
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Publication Bias
We evaluated the likelihood of publication bias by analyzing
funnel plots and using the Egger test. We did not conduct
statistical tests or create funnel plots for any outcome because
each outcome had fewer than 10 studies, which is necessary to
ensure sufficient power for detecting asymmetry [29,48].

Discussion

Study Findings and Comparison With Previous Works
To the best of our knowledge, this systematic review and
meta-analysis is the first to assess the benefits of remote-based
mindfulness interventions on physical outcomes in individuals
living with cancer. This study has yielded several findings. First,
the meta-analysis concluded that a significant effect was
observed in reducing fatigue and sleep disturbance after
treatment. Second, remote-based mindfulness was significantly
more effective in reducing sleep disturbances compared to usual
care. Third, remote-based mindfulness was not significantly
effective at reducing pain. Finally, a significant improvement
in physical function was observed after treatment.

The present meta-analysis suggests that remote-based
mindfulness is beneficial for improving physical outcomes. The
present study adds to the knowledge regarding the benefits of
remote-based mindfulness in cancer survivors. A previous
meta-analysis suggested that remote-based mindfulness reduces
psychological symptoms in cancer survivors, such as depression,
distress, and perceived stress [30,49]. Another meta-analysis
observed a significant effect of remote-based mindfulness with
a specific web-based platform in reducing anxiety, depression,
and distress [29].

The biological mechanisms underlying the benefits of
mindfulness treatments suggest additional pathways that may
strengthen evidence-based understanding of their physical health
effects. Preliminary supporting studies indicate that mindfulness
interventions promote two pathways of stress resilience in the
brain (the regulatory and reactivity pathways) and may enhance
the regulation of the stress reactivity of the
h y p o t h a l a m i c - p i t u i t a r y - a d r e n a l  a n d
sympathetic-adrenal-medullary axes, thereby elucidating the
effects of mindfulness interventions on stress-related health and
disease outcomes over time [50]. The effectiveness of
remote-based mindfulness can be understood through the
body-mind-spirit model, in which physical health is influenced
by the interconnectedness of biological and psychological factors
involving self-regulation [17,18]. This self-regulation
encompasses the release of dopamine, endocannabinoids,
endorphins, and stress hormones in addition to the signaling
pathways of oxytocin and serotonin [51].

The present meta-analysis showed a significant effect in
reducing sleep disturbance compared with usual care, which is
consistent with the findings of a previous meta-analysis [29].
Mindfulness treatment has the potential to alleviate sleep
disturbances because mindfulness practice enables individuals
to observe their thoughts, emotions, and bodily sensations
without emotional involvement or judgment [52]. It also seeks
to increase an individual’s awareness and acceptance of their

thoughts, emotions, and physiological sensations. This treatment
improves cognitive flexibility and cultivates a more
comprehensive understanding of sleep, thereby alleviating
anxiety or arousal, which may exacerbate sleep disturbances
[30].

Despite the present meta-analysis showing that remote-based
mindfulness significantly reduced fatigue after treatment, the
results showed no significant difference when compared with
usual care. Consistent with a previous meta-analysis of
web-based mindfulness, there was no significant effect
compared to usual care [30]. This may align with the different
types of cancer and stages, types of technological intervention,
treatment duration, and diverse measurement instruments within
the studied population. Despite this, remote-based mindfulness
showed high effectiveness after treatment, which aligns with a
previous meta-analysis of face-to-face mindfulness [53]. A
meta-analysis conducted by Johns et al showed a moderate
effect after treatment and a small effect at the first-month
follow-up [53]. Remote-based mindfulness is well-documented
for its efficacy in reducing and managing stress, which may
subsequently impact fatigue. Furthermore, fatigue may be
alleviated by enhancing insomnia, as better sleep quality leads
to increased freshness [47]. Peripheral inflammatory cytokines
can communicate with the central nervous system to induce
cancer-related fatigue [54]. Mindfulness, such as the
body-mind-spirit technique, may reduce NF-kB signaling, a
major regulator of inflammatory activity [55].

This meta-analysis showed no significant difference in pain
reduction compared to usual care. This outcome may be
attributed to the fact that both the remote-based and control
groups were provided with standard care, which included
adequate analgesic administration as part of their standard
treatment protocol [56]. Mindfulness-based interventions may
have been marked by the high efficacy of analgesics in
alleviating chronic pain in cancer survivors. A previous
meta-analysis of face-to-face mindfulness showed only a small
effect in reducing chronic pain in various health conditions [57].
A psychotherapy form similar to online-based acceptance and
commitment therapy showed moderately reduced chronic pain
in various health conditions [58].

Evidence suggests that remote-based mindfulness improves
QoL [29], with no exception to the present meta-analysis, which
showed that remote-based mindfulness significantly improved
the physical function of QoL after treatment. By reducing
cancer-related symptoms, including physical symptoms,
remote-based mindfulness can improve physical function.
However, the present meta-analysis concluded that there was
no significant improvement in physical function compared with
usual care. This result may largely benefit psychological
outcomes rather than physical health outcomes.

Future Direction
This evidence suggests a potential remote-based mindfulness
intervention to alleviate physical symptoms (eg, sleep
disturbance and fatigue) and improved physical function. The
understanding of mindfulness interventions, including
remote-based mindfulness, and their benefit on physical health
remains insufficient considering the large RCT literature
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associating mindfulness interventions with psychological
outcomes [50,59]. Further research is needed to evaluate the
efficacy of remote-based mindfulness in improving physical
outcomes (eg, blood pressure, weight loss, and biomarkers of
health). Integrating mindfulness practices into supportive care
programs acknowledges the importance of addressing
multidimensional aspects of a patient’s experience. This
personalized and holistic approach aligns with the principles of
patient-centered care, recognizing the unique needs and
challenges faced by individuals undergoing cancer treatment.

Despite the small number of included studies, the evidence of
the pain outcomes suggests the limited benefit of remote-based
mindfulness intervention due to the administration of standard
analgesics in both groups [56]. Considering the analgesic effects
induced within the central nervous system, the common adverse
effects of opioids include nausea, vomiting, constipation,
drowsiness, disorientation, hallucinations, and respiratory
depression. Other adverse effects include endocrine alterations
(eg, androgen insufficiency and bone demineralization) and the
risk of depression due to long-term opioid prescriptions [51].
Owing to the growing “opioid crisis,” the use of opioids as a
psychotherapy option is now being recommended as a
complementary treatment. Hence, further research and
modification of mindfulness interventions with other
psychotherapies is needed to enhance the benefits and evidence
of remote-based mindfulness on pain.

Limitations
Despite this present study indicating the potential effects of
remote-based mindfulness on physical health outcomes and

physical status, our study has several limitations. This
meta-analysis was not registered prospectively in any registered
database such as PROSPERO. The transparency of this
meta-analysis was limited because of the minimized risk of
selective reporting. A few studies included in the meta-analysis
had a high bias in the selection of the reported results that
influenced the concern that positive results are more likely to
be published. Meta-regression was not performed in the present
meta-analysis to assess potential moderating factors such as
participant characteristics, intervention components, or
variations in study design. Moreover, this systematic review
and meta-analysis assessed mindfulness as psychotherapy, and
the included studies were unlikely to evaluate physical health
outcomes as primary outcomes.

Conclusion
This meta-analysis provided evidence regarding remote-based
mindfulness interventions to alleviate physical symptoms in
cancer survivors. The findings of this study suggest that
remote-based mindfulness interventions may be effective in
reducing sleep disturbances in clinical practice. Despite limited
evidence regarding its benefits compared with usual care, the
effect of remote-based mindfulness on fatigue and physical
function was observed after treatment. Due to the limited
number of included studies and the heterogeneity of the included
studies, the conclusions must be considered along with these
limitations. Therefore, well-designed trials are required to obtain
robust evidence.
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Abstract

Background: Limited access to nutrition support among populations with cancer is a major barrier to sustainable and quality
cancer care. Increasing use of mobile health in health care has raised concerns about its validity and health impacts.

Objective: This systematic review aimed to determine the effectiveness of commercial or cancer-specific nutritional mobile
apps among people living with cancer.

Methods: A systematic search of the CENTRAL, Embase, PubMed (MEDLINE), and Scopus databases was carried out in May
2024. All types of intervention studies were included, except observational studies, gray literature, and reference lists of key
systematic reviews. Studies were eligible for inclusion if they involved (1) patients with or survivors of cancer and (2)
nutrition-related mobile apps. Studies were excluded if the nutrition intervention was not delivered via mobile app or the app
intervention was accompanied by dietary counseling. The review process was conducted based on the PRISMA (Preferred
Reporting Items for Systematic Reviews and Meta-Analyses) guidelines. The Risk of Bias 2 and Risk of Bias in Nonrandomized
Studies tools were used to assess the study quality. The Cochrane Review Manager (version 5.4) software was used to synthesize
the results of the bias assessment.

Results: A total of 13 interventions were included, comprising 783 adults or teenagers with cancer. Most studies focused on
breast cancer (6/13, 46%), overweight (6/13, 46%), and survivors (9/13, 69%). Data on anthropometry and body composition
(7/13, 54%; 387 participants), nutritional status (3/13, 23%; 249 participants), dietary intake (7/13, 54%; 352 participants), and
quality of life (6/13, 46%; 384 participants) were gathered. Experimental groups were more likely to report significant improvements
in body weight or composition, dietary compliance, nutritional status, and quality of life than control groups.

Conclusions: Although mobile app platforms are used to deliver nutrition interventions, the evidence for long-term efficacy,
particularly in populations with cancer, remains elusive. More robust randomized controlled trials with larger sample sizes, as
well as more homogeneous population characteristics and outcome measures, are warranted.

Trial Registration: PROSPERO CRD42023330575; https://tinyurl.com/55v56yaj

(JMIR Cancer 2025;11:e50662)   doi:10.2196/50662
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Introduction

Background
More than 50% of patients with cancer are likely to develop
undernutrition upon diagnosis [1]. At least 5% of patients with
cancer who are malnourished report drastic weight loss [2]. In
total, 3 out of 5 patients report a significant weight reduction
ranging from 1 to 10 kg 6 months after a cancer diagnosis [3].
Surprisingly, approximately 20% of patients with cancer die of
undernutrition and its complications [4]. It is necessary to
implement an early screening and detection of undernutrition
based on the parameters of dietary intake, biochemical indexes,
and body weight and composition. The overall nutritional status
can be evaluated using cancer-specific assessment tools such
as the Subjective Global Assessment, Patient-Generated
Subjective Global Assessment (PG-SGA), and Mini Nutritional
Assessment [5].

European Society of Parenteral and Enteral Nutrition guidelines
have highlighted the importance of a multidisciplinary approach
in managing undernutrition among patients with cancer [4].
However, this nutritional issue is not considered as equally
important as the cancer disease itself [6,7]. If undernutrition is
left untreated, this can result in poor immune response, increased
treatment toxicities, impaired quality of life (QoL), increased
risk of infection, increased admission rates and hospital stays,
and increases in health care costs [4,7,8].

Overnutrition or excessive body fatness is another nutritional
disorder that should be gaining greater attention in survivorship
care [9,10]. Approximately 1 in 3 survivors of cancer report
having obesity and not meeting the American Cancer Society’s

BMI guidelines of <30 kg/m2 [10]. It is highly recommended
that those living with or free of cancer eat a balanced diet to
reduce the risk of recurrence and promote healthy survivorship
[11].

To sustain a normal body weight, patients with cancer are
advised to consume enough food to meet their daily requirement
of energy and protein. In view of the differences in energy
expenditure, the European Society of Parenteral and Enteral
Nutrition recommends that the total energy requirement of
patients with cancer be similar to that of survivors or healthy
populations [4]. This elucidates that focusing on the basic
principle of a balanced diet could be a nutrition guideline for
patients with cancer, particularly those who are undernourished.

Studies have shown that approximately 90% of patients with
cancer perceive nutrition support as an essential component in
oncology care. However, less than half of patients with cancer
are seen by dietitians [12]. According to the PG-SGA score, in
a study by Pinho et al [1], 45% of patients with cancer required
dietary intervention. In spite of that, dietetic support is not
readily accessible to patients throughout their cancer journey.
The high prevalence of undernutrition is commonly observed
in people with upper digestive cancer, head and neck cancer,
and lung cancer [1,2]. Still, in a study by Deftereos et al [7],
approximately 40% of patients with upper digestive cancer did
not receive any dietetic intervention before surgery.

Poor access to dietary services can be attributable to several
factors, including lack of qualified dietitian staffing, lack of
integration of nutrition services, lack of medical reimbursement
for nutrition services, lack of awareness of cancer-related
malnutrition, and inconsistent practice of nutritional risk
screening in oncology [8]. Without a professional
evidence-based dietary intervention, patients are likely to obtain
information from the media or their peers. Conflicting
information about nutrition makes them confused about what
they should eat to optimize their well-being after a cancer
diagnosis. Due to fear of cancer recurring, survivors can be
desperate to modify their dietary habits [13,14]. This results in
the adoption of unproven dietary strategies, including fad diets,
juicing, and herbs and supplements, as well as avoiding certain
food groups that are essential to their health [12].

The World Health Organization has called for a global initiative
to leverage the use of digital health in areas of clinical medicine
and public health [15]. During the COVID-19 pandemic, the
application of digital technology targeting from planning and
tracking, medical supplying, and screening for infection to
clinical management was successful [16]. The pandemic has
brought about an accelerated growth of digital health use to
deliver continuous health care services while reducing virus
transmission. For instance, telemedicine allowed for
appointment scheduling and enhanced feasible health care
delivery during the pandemic [17]. In addition, the use of digital
health encourages engagement between practitioners and
patients, as well as ensuring a sustainable health care system
[18,19].

Objectives
To date, the implications of mobile app use in cancer screening,
prevention, and management have been greatly highlighted
[20,21]. However, there is a lack of empirical evidence that
focuses on populations with cancer [22-24] and mobile app
platforms [22], particularly for healthy eating and nutritional
management. This systematic review aimed to determine the
effectiveness of commercial or cancer-specific nutritional apps
in improving nutrition-related health outcomes for people
receiving treatment for or living with cancer.

Methods

Study Protocol and Guidance
The protocol for this review was registered with PROSPERO
(registration number: CRD42023330575) [25]. This review was
reported based on the PRISMA (Preferred Reporting Items for
Systematic Reviews and Meta-Analyses) 2020 guidelines
(Multimedia Appendix 1) [26].

Databases and Search Strategy
Systematic searches were conducted across 4
databases—CENTRAL, Embase, PubMed, and Scopus—in
May 2024. The search strategy incorporated Medical Subject
Headings (MeSH), keywords, and free-text searches that related
to the 3 main concepts: mobile apps, cancer, and nutrition. The
search string used in the literature search was as follows:
“Mobile Applications”[Mesh] OR “mobile application*”[tw]
OR “mobile apps”[tw] OR “mobile app”[tw] OR “mobile
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technolog*”[tw] OR “mobile health”[tw] OR mHealth[tw] OR
smartphone[tw] OR “smart phone”[tw] OR telemedicine[tw]
AND “Neoplasms”[Mesh] OR cancer*[tw], neoplasm*[tw] OR
oncology[tw] OR tumour*[tw] OR tumor*[tw] OR
malignant[tw] OR malignanc*[tw] AND “Diet, Food, and
Nutrition”[Mesh] OR nutrition[tw] OR diet[tw] OR eat[tw] OR
food[tw] (Multimedia Appendix 2). It included original articles
published between January 2013 and December 2023 and in
the English language. This is a change from the registered
protocol [25].

Study Selection
First, EndNote (version 20.3; Clarivate Analytics) was used to
identify and remove duplicates from the list. The titles and
abstracts of articles were screened independently by 2 reviewers
(KLSN and MA) to identify potential eligible studies. The
references retrieved from the search were categorized as
excluded or included based on the population, intervention,
comparator, outcome, and study design criteria [27]:

• Population—this included individuals who had a cancer
diagnosis or a history of cancer.

• Intervention—the studies included commercial or
cancer-specific mobile apps and nutrition-related key
functions, including recording or monitoring food intake
and providing feedback, recommendations, or coaching.
Due to limited studies that included stand-alone use of
mobile apps, studies on multicomponent interventions, such
as targeting sleep, physical activity, or psychosocial care,
were included.

• Outcome—the measures included changes in
nutritional-related health outcomes. Due to a lack of
feasibility studies, data on the evaluation of the quality of
the mobile apps were not included. This is a change from
the registered protocol [25].

• Study design—all types of intervention studies were
considered, such as pretest-posttest studies, pilot studies,
quasi-experimental studies, and randomized controlled trials
(RCTs). Observational studies, gray literature, expert
recommendations, or references in articles were not
included.

A full-text screening was carried out by reviewing in detail the
studies that were not excluded at the first screening based on
the inclusion criteria. Each full text was retrieved and assessed
independently by the same authors before inclusion in the
review. Non–English-language articles were excluded. Any
disagreements during the selection process were resolved
through consensus.

Data Extraction and Synthesis
The data were extracted systematically from each article by
KLSN and then checked by MA. The data included were

authors, publication date (year), country, study design, sample
size, participant characteristics, and details on the mobile app
intervention. Next, data were extracted based on the type of
population (survivors or patients receiving treatment),
components of the app (eg, diet alone or diet plus physical
activity), duration of the intervention and follow-up, and
outcome measures (body weight, body composition, QoL, and
dietary factors). A comparison of the descriptive findings was
made across the studies. The outcome data between groups and
before and after the intervention within groups were compared
using mean differences and significance values (P value). The
heterogeneity of the interventions and measures precluded a
statistical combination of the quantitative findings; therefore,
a meta-analysis was not conducted.

Risk-of-Bias Assessment
Analysis of the risk of bias was conducted using the Review
Manager (version 5.4; The Cochrane Collaboration) software.
The Risk of Bias 2 (RoB 2) and Risk of Bias in Nonrandomized
Studies (ROBINS) tools were used for RCTs and non-RCTs,
respectively. The risk of bias assessment was carried out by 2
reviewers independently (KLSN and MA). All discrepancies
were resolved through consensus.

The seven areas included in the RoB 2 tool were (1) random
sequence generation, (2) allocation concealment, (3) blinding
of participants and personnel, (4) blinding of outcome
assessment, (5) incomplete outcome data, (6) selective reporting,
and (7) other bias. For the ROBINS tool, the seven areas
included were (1) bias due to confounding, (2) bias in selection
of participants for the study, (3) bias in classification of
interventions, (4) bias due to deviations from the intended
intervention, (5) bias due to missing data, (6) bias in
measurement of outcomes, and (7) bias in selection of the
reported results. According to the Cochrane Handbook for
Systematic Reviews of Interventions, each area was assigned a
classification of low, unclear, or high risk of bias [28].

Results

Overview
A total of 1296 articles were identified from all database
searches. After 31.17% (404/1296) of duplicates were removed,
the abstracts and titles of 68.83% (892/1296) of relevant articles
were screened. The full texts of 5.7% (51/892) of these studies
were retrieved and assessed for eligibility based on the
population, intervention, comparator, outcome, and study design
criteria. Finally, 13 articles were eligible to be included in this
review. The procedure for article selection is shown in Figure
1 [26].
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Figure 1. Study flowchart adapted from the PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) statement.

Study Characteristics

Participants
Of the 13 included studies, there were 7 (54%) that were RCTs
[29-35]; 4 (31%) that were single-arm, pretest-posttest studies
[36-39]; and 2 (15%) that were quasi-experimental studies
[40,41]. In total, 62% (8/13) of the included studies were
conducted in the United States [29-31,35-38,40]; 15% (2/13)
were conducted in South Korea [33,39]; and the remaining 23%
(3/13) were conducted in Germany [41], Turkey [32], and
Australia [34]. Most studies (9/13, 69%) were published within
the past 5 years [29,30,32-35,38-40].

Among the 13 studies, a total of 783 participants with cancer
aged 12 to 75 years was included. The sample sizes ranged from
22 to 127. In total, 15% (2/13) of the studies had no comparison
groups [36,37]. A total of 8% (1/13) of the studies were

conducted on teenagers [38], whereas the remaining 92% (12/13)
of the studies were conducted on adults aged between 18 and
75 years. The most prevalent condition targeted in the studies
was breast cancer (6/13, 46%) [29-32,37,40], followed by
gastrointestinal cancer (2/13, 15%) [33,34], hematologic cancer
(2/13, 15%) [35,38], mixed cancer (2/13, 15%) [36,41], and
esophageal cancer (1/13, 8%) [39]. A total of 46% (6/13) of the
studies were conducted among participants with overweight or
obesity [29,35-38,40]. In total, 15% (2/13) of the studies were
conducted among participants with body weight within the
normal range [33,39], whereas 38% (5/13) of the studies did
not state the weight status of the population [30-32,34,41]. Of
the 13 studies, 9 (69%) recruited survivors [29-32,35-38,40],
and the remaining 4 (31%) recruited patients with newly
diagnosed cancer or receiving treatment [33,34,39,41]. Table
1 shows the summary of the study details, participant
characteristics, and intervention types.
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Table 1. Study characteristics.

App featuresControlInterventionCancer typePopulation characteris-
tics

Sample size, NStudy designStudy and
country

Commercial app;
tracking of food in-
take

Had access to
Fitbit Flex
wristband and
HealthWatch

Had access to
HealthWatch
360 (GB
HealthWatch)

HematologicAdults diagnosed for ≥5
years; mean age 44
(range 20.9-54.0) years
in the experimental

Experimental
group: 24; con-
trol group: 17

Pilot RCTaChow et al
[35], 2020,
United
States

360 withoutand Fitbit Flexgroup and 46.0 (range
goal setting and
peer support

wristband
(Google) with
goal setting and
peer support

20.2-54.8) years in the
control group; mean
BMI 28.6 (SD 6.5)

kg/m2 in the experimen-
tal group and 29.6 (SD

6.3) kg/m2 in the con-
trol group

Commercial app; log-
ging of food, exercise,

—cHad access to
LoseIt!

Endometrium
or breast can-
cer

Women with OWb or
obesity diagnosed over
the previous 3 years;

50Pretest-
posttest
study

McCarroll et
al [36],
2015, United
States

and BWd and provi-
sion of personalized
feedback

mean age 58.4 (SD
10.3) years

Custom-developed
app; recording of food

Received nutri-
tion counseling

Had access to
OncoFood

Mixed (GIf tu-
mor; n=16)

Adults receiving treat-
ment; mean age 58.4
(range 27-90) years

Experimental
group: 12; con-
trol group: 12

Pilot; QEDeOrlemann et
al [41],
2018, Ger-
many

intake and monitoring
of nutritional goals
and BW

and therapy
without app

(Huawei Tech-
nologies Co
Ltd)

Custom-developed
app; access to sleep

—Used MOCHAg

for ≥5 days

Breast cancerSurvivors with OW;
mean age 57 (SD 9)
years; mean BMI 32.7

(SD 5.7) kg/m2

33Prospective,
single arm,
and open la-
bel

Stubbins et
al [37],
2018, United
States

and mood data, provi-
sion of a list of cardio-
vascular and strength
activities with amount
of calories burned,
logging of food, and
monitoring of
progress

Custom-developed
app; My Guide: focus

Access to My
Health

Access to My
Guide

Breast cancerLatina survivors; mean
age 52.54 (SD 11.36)
years

Experimental
group: 39; con-
trol group: 39

Pilot RCTBaik et al
[30], 2020,
United
States

on ways to cope with
side effects of treat-
ment, stress manage-
ment, social support,
and breast cancer–re-
lated knowledge; My
Health: provides rec-
ommendations regard-
ing nutrition, exercise,
and prevention of
chronic illnesses

Custom-developed
app; My Guide: focus

Access to My
Health

Access to My
Guide

Breast cancerLatina survivors; mean
age 52.54 (SD 11.36)
years

Experimental
group: 40; con-
trol group: 40

Pilot RCTBuscemi et
al [31],
2019, United
States

on ways to cope with
side effects of treat-
ment, stress manage-
ment, social support,
and breast cancer–re-
lated knowledge; My
Health: provides rec-
ommendations regard-
ing nutrition, exercise,
and prevention of
chronic illnesses
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App featuresControlInterventionCancer typePopulation characteris-
tics

Sample size, NStudy designStudy and
country

Commercial app;
tracking of medica-
tion, diet, exercise,
sleep, and BW and
pairing with a certi-
fied coach

Received self-
guided nutrition
“toolkit,” exer-
cise stretch
band, pedome-
ter, and self-
guided walking
DVD

Access to VidaBreast cancerFemale survivors; mean
age 51.4 (SD 8.1) years
in the experimental
group and 56.7 (SD 9.8)
years in the control
group; mean BMI 29.4

(SD 6.0) kg/m2 in the
experimental group and

30.2 (SD 7.3) kg/m2 in
the control group

Experimental
group: 66; con-
trol group: 61

Non-RCTCairo et al
[40], 2020,
United
States

Custom-developed
app; monitors
progress, allows for
autonomic feedback,
and uses game me-
chanics to promote
healthy eating and

PAh

Used Mila
Blooms for <4
weeks

Used Mila
Blooms for ≥4
weeks

Acute lym-
phoblastic
leukemia or
lymphoma

Teenage survivors;
mean age 14.8 (SD
1.97) years; mean BMI

22.6 (SD 4.1) kg/m2 in
the experimental group
and 22.7 (SD 2.7)

kg/m2 in the control
group (data from post
hoc analysis)

15Single-group
pretest-
posttest de-
sign

Fuemmeler
et al [38],
2020, United
States

Custom-developed
app; provision of sug-
gestions about PA and
healthy diet

Access to
CHAT and
ActiGraph
wGT3X-BT ac-
celerometer

Access to

CHATi and
ActiGraph
wGT3X-BT ac-
celerometer
plus tailored
health messages

Breast cancerAfrican American
women after treatment
(except Herceptin thera-
py and endocrine pills);
mean age 52.8 (SD
9.57) years in the exper-
imental group and
51.44 (SD 9.18) years
in the control group;
mean BMI 33.26 (SD

5.42) kg/m2 in the ex-
perimental group and

38.35 (SD 7.08) kg/m2

in the control group

Experimental
group: 13; con-
trol group: 9

Pilot RCTAllicock et
al [29],
2021, United
States

The nature of the app
was not mentioned;
provision of informa-
tion about breast can-
cer, symptom diary,
balanced diet, regular
PA, and stress manage-
ment

Received rou-
tine care

Received rou-
tine care plus
mobile
app–based
training

Breast cancerWomen receiving hor-
monal therapy; mean
age 45.7 (SD 9.0) years

Experimental
group: 31; con-
trol group: 33

Single-blind-
ed, single-
center, ran-
domized
pretest-
posttest de-
sign

Çınar et al
[32], 2021,
Turkey

Commercial app; log-
ging of food, step
count, and BW; pro-
vided coaching and
allowed for messaging
for tracking caloric
intake and muscle
gain

Did not have
access to the
Noom app and
received none
of the nutrition
intervention

Access to
Noom mobile
app (Noom Inc)

Pancreatic
cancer

Patients scheduled for
chemotherapy; median
age 62 (range 45-70)
years in the experimen-
tal group and 61 (range
34-78) years in the con-
trol group; mean BMI

21.91 (SD 1.57) kg/m2

in the experimental
group and 23.5 (SD

2.72) kg/m2 in the con-
trol group

Experimental
group: 20; con-
trol group: 20

Prospective,
single-cen-
ter, nonblind-
ed RCT

Keum et al
[33], 2021,
South Korea
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App featuresControlInterventionCancer typePopulation characteris-
tics

Sample size, NStudy designStudy and
country

Commercial app;
recording, monitoring,
and provision of rec-
ommendations about
diet, exercise, and BW
changes

Previous co-
hort: received
usual care

Access to
Noom mobile
app

Esophageal
cancer

Men scheduled for
neoadjuvant chemora-
diotherapy; median age
59.2 (SD 6.5) years in
the experimental group
and 58.5 (SD 7.8) years
in the control group;
mean BMI 21.8 (SD

2.6) kg/m2 in the exper-
imental group and 22

(SD 6) kg/m2 in the
control group

Experimental
group: 38; con-
trol group: 60

Prospective,
single-arm
pilot study

Yang et al
[39], 2021,
South Korea

Commercial app; self-
monitoring of goal at-
tainment and BW

Received usual
care

Mobile app
group: received
symptom-direct-
ed nutrition in-
tervention via
the internet-en-
abled mobile
app “myPace”;
telephone
group: received
symptom-direct-
ed nutrition in-
tervention via
telephone

Upper GI can-
cer

Adults newly diagnosed
with cancer; mean age
63.2 (SD 9.9) years in
the control group, 67.5
(SD 10.3) years in the
telephone group, and
66.6 (SD 9.7) years in
the mobile app group;
mean BW 75.0 (SD
20.0) kg in the control
group, 71.9 (SD 12.7)
kg in the telephone
group, and 76.4 (SD
14.7) kg in the mobile
app group

Mobile app
group: 36; tele-
phone group:
38; control
group: 37

3-arm RCTHuggins et
al [34],
2022, Aus-
tralia

aRCT: randomized controlled trial.
bOW: overweight.
cNot applicable.
dBW: body weight.
eQED: quasi-experimental design.
fGI: gastrointestinal.
gMOCHA: Methodist Hospital Cancer Health Application.
hPA: physical activity.
iCHAT: Creating Healthy Actions Through Technology.

Mobile Apps

Types

Most studies (10/13, 77%) included a multicomponent
intervention that combined diet with physical activity,
psychosocial support, sleep, or behavior modification.
Specifically, 50% (5/10) of these studies involved a combination
of diet and physical activity [29,35,36,38,39], with additional
components in the other 50% (5/10) of the studies [30-32,37,40].
The remaining 23% (3/13) of the studies included a dietary
intervention as a single component [33,34,41].

Duration

The duration of the interventions ranged from 4 weeks to 6
months. A total of 62% (8/13) of the studies lasted up to 8 weeks
[29-31,36-39,41], with 75% (6/8) of these studies including
anthropometry or body composition as outcome measures. A
total of 23% (3/13) of the studies lasted between 12 and 16
weeks [32,33,35], with one of the studies mainly evaluating
QoL. The remaining 15% (2/13) of the studies lasted up to 6
months [34,40] and included both anthropometry and QoL

measures. A total of 38% (5/13) of the studies continued to
evaluate the participants’ progress after the intervention by
investigating changes in QoL or dietary intake [29-31,34,35].

Features

A total of 46% (6/13) of the studies included the common
features of logging, tracking, or monitoring in the mobile apps
[33-35,37,38,41]. In total, 31% (4/13) of the studies focused on
the provision of dietary information [29-32], whereas the
remaining 23% (3/13) of the studies allowed for logging and
provision of guidance or coaching [36,39,40]. Table 1 provides
a more detailed description.

Retention Rate
Of the 13 studies, 9 (69%) reported the percentage of
participants who remained in the study over the intervention or
follow-up periods. A total of 44% (4/9) of these studies reported
a retention rate of >90% [29,31,35,40], 44% (4/9) reported
retention rates of 70% to 90% [33,36,37,39], and 11% (1/9)
reported a retention rate of <70% [34]. Table 2 provides a more
detailed description.
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Table 2. Key findings of the included studies.

Main findingsOutcome measuresRetention
rate (%)

Follow-
up

App intervention
duration

Study

Diagnosis

49.530
weeks

18 weeksHuggins et
al [34],
2022

• Mean weight 75.6 (SD 20.3) kg at 3 months, 75.6
(SD 17.5) kg at 6 months, and 73.2 (SD 18.4) kg
at 12 months in the control group; 71.7 (SD 11.8)
kg at 3 months, 70.2 (SD 11.7) kg at 6 months,

• QALYsa (EQ-5D-5L tool)
• QoLb (EORTC QLQ-C30c

scale)
• Nutritional status (PG-

SGAd–Short Form)
and 68.6 (SD 13.3) kg at 12 months in the tele-
phone group; and 71.7 (SD 15.6) kg at 3 months,

• Self-reported BWe 68.7 (SD 14.1) kg at 6 months, and 68.5 (SD
14.1) kg at 12 months in the mobile app group;
P=.08 for control group vs telephone group;
P=.03 for mobile app group vs telephone group;
P=.48 for mobile app group vs control group

• Mean QoL score 54.3 (SD 25.1) at 3 months, 69.8
(SD 12.2) at 6 months, and 72.2 (SD 15.9) at 12
months in the control group; 66.4 (SD 19.7) at 3
months, 68.0 (SD 28.13) at 6 months, and 74.8
(SD 23.8) at 12 months in the telephone group;
and 62.3 (SD 24.5) at 3 months, 59.25 (SD 21.1)
at 6 months, and 73.5 (SD 20.5) at 12 months in
the mobile app group; P=.22 for control group vs
telephone group; P=.08 for mobile app group vs
telephone group; P=.85 for mobile app group vs
control group

• Mean QALY score 0.55 (SD 0.28) at 12 months
in the control group, 0.57 (SD 0.28) at 12 months
in the telephone group, and 0.59 (SD 0.23) at 12
months in the mobile app group; P>.99 for control
group vs telephone group; P=.71 for mobile app
group vs telephone group; P=.14 for mobile app
group vs control group

• Mean PG-SGA score 7.5 (SD 5.0) at 3 months,
4.6 (SD 3.6) at 6 months, and 4.1 (SD 4.1) at 12
months in the control group; 7.8 (SD 5.7) at 3
months, 6.2 (SD 5.1) at 6 months, and 4.3 (SD
4.7) at 12 months in the telephone group; and 8.4
(SD 6.1) at 3 months, 7.2 (SD 4.0) at 6 months,
and 4.9 (SD 3.6) at 12 months in the mobile app
group; P=.35 for control group vs telephone
group; P=.58 for mobile app group vs telephone
group; P=.19 for mobile app group vs control
group

Treatment

NRg—f4 weeksOrlemann
et al [41],
2018

• Mean change in BW 1.03 kg in the experimental
group and –1.46 kg in the control group (P=.045)

• BW, BMI, SMMh, and

FFMi (BIAj)
• Mean change in SMM 0.58 kg in the experimental

group and –0.61 kg in the control group (P=.009);• Nutritional goals (intake
of protein, fibers, energy, mean change in FFM after the intervention
carbohydrates, and fats) (P=.03)

• P=.91 for difference in mean changes in the in-
take of protein and fats, P=.34 for difference in
mean changes in the intake of fiber, P=.27 for
difference in mean changes in the intake of carbo-
hydrates, and P=.42 for difference in mean
changes in the intake of energy in the control
group after the intervention; mean values NR
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Main findingsOutcome measuresRetention
rate (%)

Follow-
up

App intervention
duration

Study

• QoL: t30=–5.13 and P<.001 in the experimental
group and t32=3.25 and P=.003 in the control
group; physical well-being: t30=–4.60 and P<.001
in the experimental group and t32=1.13 and P=.27
in the control group; emotional well-being:
t30=–2.58 and P=.02 in the experimental group
and t32=2.88 and P=.007 in the control group;
functional well-being: t30=–1.01 and P=.32 in
the experimental group and t32=2.67 and P=.01
in the control group; endocrine symptoms:
t30=–6.49 and P<.001 in the experimental group
and t32=3.08 and P=.004 in the control group;
pretest distress score: 1003 (P=.32); posttest dis-
tress score: –2265 (P=.03)

• QoL (FACT-ESk)
• Symptom distress (NCCNl

Distress Thermometer)

NR—12 weeksÇınar et al
[32], 2021

• Reduced SMI: –3.27 in the experimental group
and –13.96 in the control group (P=.11)

• Improved GHSo and QoL in experimental group
compared to control group (P=.004)

• Mean protein intake after the intervention: 1.3 g
per kg per day in the experimental group and 1 g
per kg per day in the control group (P=.02); mean
energy intake after the intervention: 25.2 kcal per
kg per day in the experimental group and 17.7
kcal per kg per day in the control group (P=.04)

• Improved PG-SGA score in both groups (P<.001)

• QoL (EORTC QLQ-C30)
• Nutritional status (PG-

SGA)
• SMIm (CTn)
• Total protein and energy

intake

82.5—12 weeksKeum et al
[33], 2021

• Mean change in SMI after the intervention –7.4%
(SD 6.5%) in the experimental group and –8.1%
(SD 5.3%) in the control group (P=.57)

• PNI: mean change –9.8 (SD 6) in the experimen-
tal group and –6.7 (SD 7.5) in the control group
(P=.04); NLR: mean change 0.4 (SD 3.9) in the
experimental group and 0.6 (SD 5.1) in the con-
trol group (P=.82); PLR: mean change 84.1 (SD
157.6) in the experimental group and 62.4 (SD
173.4) in the control group (P=.55)

• SMI (CT)
• NLRp, PLRq, and PNIr

78.9—8 weeksYang et al
[39], 2021

Survivorship
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Main findingsOutcome measuresRetention
rate (%)

Follow-
up

App intervention
duration

Study

• Physical health: mean 2.7 (95% CI 0.7-4.6) in the
experimental group and 1.8 (95% CI –0.3 to 3.8)
in the control group (between-group P=.52);
mental health: mean 4.2 (95% CI 1.5-6.9) in the
experimental group and 1.8 (95% CI –1.1 to 4.8)
in the control group (between-group P=.24)

• HEI-2015 score: mean 1.6 (95% CI –1.5 to 4.6)
in the experimental group and 0.6 (95% CI –2.8
to 4.0) in the control group (between-group
P=.67); daily percentage of added sugar: mean
–0.8 (95% CI –2.2 to 0.5) in the experimental
group and 0.1 (95% CI –1.5 to 1.6) in the control
group (between-group P=.39); daily percentage
of saturated fat: mean –0.3 (95% CI –1.5 to 0.9)
in the experimental group and –0.8 (95% CI –2.2
to 0.6) in the control group (between-group
P=.60); sodium intake: mean –832 (95% CI
–1421 to –243) mg per day in the experimental
group and –279 (95% CI –937 to 379) mg per
day in the control group (between-group P=.22)

• PAs

• Daily percentage of added
sugar, saturated fat, and

sodium (HEIt-2015)
• Physical health and mental

health (PROMISu Global
Health–10)

• Health-related self-effica-
cy score

90.28 weeks16 weeksChow et al
[35], 2020

• Mean pretest BW 97.3 (SD 22.5) kg and mean
posttest BW 95.0 (SD 22.1) kg (P<.001); mean

pretest BMI 36.4 (SD 8.1) kg/m2 and mean

posttest BMI 35.6 (SD 8.0) kg/m2 (P<.001); mean
pretest WC 106.6 (SD 16.8) cm and mean posttest
WC 103.4 (SD 17.4; P<.001) cm

• Mean pretest FACT-G score 50.47 (SD 13.3) and
mean posttest FACT-G score 44.35 (SD 19.9;
P=.15)

• Carbohydrates: mean pretest intake 120.6 (SD
69.3) g and mean posttest intake 124.0 (SD 120.3)
g (P=.73); fat: mean pretest intake 44.1 (SD 23.4)
g and mean posttest intake 58.2 (SD 60.0) g
(P=.18); protein: mean pretest intake 55.2 (SD
26.6) g and mean posttest intake 65.4 (SD 62.3)
g (P=.23); fiber: mean pretest intake 11.0 (SD
6.3) g and mean posttest intake 13.3 (SD 13.6) g
(P=.28); calories: mean pretest intake 1022.6 (SD
494.4) kcal and mean posttest intake 1281.1 (SD
1130.6) kcal (P=.26)

• BW, BMI, and WCv

• QoL and self-efficacy

(FACT-Gw and Weight
Efficacy Lifestyle Ques-
tionnaire)

• Minutes spent in PA
• Weekly intake of carbohy-

drates, fats, protein, fiber,
and calories

70—4 weeksMcCarroll
et al [36],
2015

• Mean reduced BW 2 (range +4 to –10.6) lbs after
the intervention; P value NR

• Adherence to the

MOCHAx app
• System Usability Scale

score
• Weight loss
• Dietitian-participant inter-

action

75.8—4 weeksStubbins et
al [37],
2018

• Experimental group—breast cancer well-being
score for low app users: mean pretest score 23.47
(range 12-36) and mean posttest score 26.13
(range 14-35); control group—social well-being,
score: mean pretest score 20.74 (range 5-28) and
mean posttest score 22.52 (range 11-28); P value
NR

• QoL (FACT-By)
• Symptom burden (25-item

Breast Cancer Prevention
Trial questionnaire)

• Cancer-specific distress
(15-item Impact of Event
Scale)

• Cancer-relevant self-effica-

cy (CASE-Cancerz)
• Breast cancer knowledge

(16-item Knowledge
About Breast Cancer
questionnaire)

NR2 weeks6 weeksBaik et al
[30], 2020
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Main findingsOutcome measuresRetention
rate (%)

Follow-
up

App intervention
duration

Study

• Fat sources: EMMab 2.38 (SE 0.21) in the exper-
imental group and 2.86 (SE 0.21) in the control
group at baseline, 2.42 (SE 0.22) in the experi-
mental group and 2.38 (SE 0.21) in the control
group at 6 weeks, and 2.36 (SE 0.22) in the exper-
imental group and 2.20 (SE 0.22) in the control
group at 8 weeks (P=.03)

• Daily intake of fat and

FVaa

• PA level

>902 weeks6 weeksBuscemi et
al [31],
2019

• Mean reduced BW 1.8 (SD 4.9) kg in the experi-
mental group (P<.01) and –0.2 (SD 3.7) kg in the
control group (P=.70); mean reduced BMI 0.7

(SD 1.8) kg/m2 in the experimental group (P<.01)

and –0.7 (SD 1.4) kg/m2 in the control group
(P=.68)

• Mean reduced fatigue score 1.2 (SD 2.4) in the
experimental group (P<.001) and 0.65 (SD 2.3)
in the control group (P=.03); P=.36 for depression
between experimental and control groups

• Improved adherence to a plant-based diet: mean
change in score –6.2 (SD 5.8) in the experimental
group (P<.001) and –2.0 (SD 6.5) in the control
group (P=.02)

• BW and BMI
• PA level
• Adherence to a healthy

diet (27-item “Rate Your
Plate” survey)

• Presence and severity of

fatigue (VASac-Fatigue)
• Depression and anhedonia

(PHQad tool)

100—6 monthsCairo et al
[40], 2020

• Mean pretest BMI 22.6 (SD 4.1) kg/m2 and mean

posttest BMI 22.8 (SD 4.1) kg/m2 in the experi-
mental group (P=.41); mean pretest BMI 22.7

(SD 2.7) kg/m2 and mean posttest BMI 23.1 (SD

2.6) kg/m2 in the control group (P=.24)
• Mean pretest sweet food intake 8.4% (SD 3.6%)

of kcal and mean posttest sweet food intake
13.5% (SD 9%) of kcal in the experimental group
(P=.12) and mean pretest sweet food intake 8.8%
(SD 6.3%) of kcal and mean posttest sweet food
intake 7.5% (SD 4.8%) of kcal in the control
group (P=.35; between-group P=.049); mean
pretest sugary beverage intake 206.5 (SD 202.1)
g and mean posttest sugary beverage intake 156.6
(SD 145.0) g in the experimental group (P=.08)
and mean pretest sugary beverage intake 336.8
(SD 367.7) g and mean posttest sugary beverage
intake 370.4 (SD 410.9) g in the control group
(P=.04; between-group P=.04); mean pretest FV
self-efficacy score 4.2 (SD 0.8) and mean posttest
FV self-efficacy score 4.3 (SD 0.6) in the experi-
mental group (P=.35) and mean pretest FV self-
efficacy score 4.0 (SD 0.8) and mean posttest FV
self-efficacy score 4.0 (SD 0.6) in the control
group (P=.24; between-group P=.80)

• Height, BW, BMI, z score,
and percentile

• Intake of calories and nu-
trients

• PA level
• Diet and PA self-efficacy

(PACEae)
• User satisfaction and nar-

rative engagement

NR—8 weeksFuemmeler
et al [38],
2020

• Mean change in BMI –0.19 (SD 0.35) kg/m2 in
the experimental group (P=.10) and –0.24 (SD

0.76) kg/m2 in the control group (P=.76); mean
WC change –1.04 (SD 0.95) cm in the experimen-
tal group (P=.003) and –0.47 (SD 1.57) cm in the
control group (P=.39)

• Mean FV change 0.67 (SD 2.35) servings in the
experimental group (P=.34) and 0.78 (SD 2.48)
servings in the control group (P=.38); mean fast
food intake change –1.5 (SD 1.98) servings in
the experimental group (P=.008) and –1.11 (SD
1.45) servings in the control group (P=.09)

• BMI and WC
• FV intake and percentage

of energy from fat and
fiber

• PA level

1004 weeks4 weeksAllicock et
al [29],
2021

aQALY: quality-adjusted life year.
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bQoL: quality of life.
cEORTC QLQ-C30: European Organisation for Research and Treatment of Cancer Quality of Life Questionnaire.
dPG-SGA: Patient-Generated Subjective Global Assessment.
eBW: body weight.
fNot applicable.
gNR: not reported.
hSMM: skeletal muscle mass.
iFFM: fat-free mass.
jBIA: bioimpedance analysis.
kFACT-ES: Functional Assessment of Cancer Therapy–Endocrine Symptoms.
lNCCN: National Comprehensive Cancer Network.
mSMI: skeletal muscle index.
nCT: computed tomography.
oGHS: global health status.
pNLR: neutrophil-to-lymphocyte ratio.
qPLR: platelet-to-lymphocyte ratio.
rPNI: prognostic nutritional index.
sPA: physical activity.
tHEI: Healthy Eating Index.
uPROMIS: Patient-Reported Outcomes Measurement Information System.
vWC: waist circumference.
wFACT-G: Functional Assessment of Cancer Therapy–General.
xMOCHA: Methodist Hospital Cancer Health Application.
yFACT-B: Functional Assessment of Cancer Therapy–Breast.
zCASE-Cancer: Communication and Attitudinal Self-Efficacy Scale for Cancer.
aaFV: fruits and vegetables.
abEMM: estimated marginal mean.
acVAS: Visual Analog Scale.
adPHQ: Patient Health Questionnaire.
aePACE: Patient-Centered Assessment and Counseling for Exercise.

Risk-of-Bias Assessment
The assessment of risk of bias was conducted for each study.
The RoB 2 assessment is shown in Figure 2 [29-35]. In total,
8% (1/13) of the studies had a low risk of bias in all aspects
[35]. A total of 15% (2/13) of the studies were reported as
double blind [34,35]. Due to uncertainty or unblinded treatment
allocation, the quality of 38% (5/13) of the trials was considered
low with regard to performance and detection bias [29-33].
There was an unclear risk of selection bias in these 5 trials due
to limited information about allocation concealment [29-33]
and generation of a randomized sequence [30-32]. Huggins et
al [34] reported a low retention rate (<50%), with the use of the
multiple imputation approach for handling missing data. The
suboutcomes resulting from a web-based intervention were not
reported in a breast cancer study investigating the effect of
mobile app–based training on QoL [32]. One study did not
report the P value for the difference in breast cancer well-being
after the intervention [30].

The ROBINS assessment is shown in Figure 3 [36-41]. A total
of 17% (1/6) of the studies mentioned the frequency of mobile
app use (at least 5 days) during the intervention [37], whereas
the remaining 83% (5/6) of the studies did not report the
intervention status. In total, 67% (4/6) of the studies reported a
low retention rate or uncertainty about missing data management
[36,37,39,41]. A total of 50% (3/6) of the studies had a high
risk of bias in the selection of study participants, which could
affect the quality of the intervention and outcomes [36,38,39].
In total, 33% (2/6) of the studies did not provide information
on whether there was a deviation from the intended intervention
[37,41]. Fuemmeler et al [38] failed to show the changes in
weight and height measurements after the intervention. A total
of 17% (1/6) of the studies did not provide information about
P values of weight loss data [37]. In total, 33% (2/6) of the
studies reported no information on whether any confounding
factors were present [38,41]. A total of 17% (1/6) of the studies
had a high risk of bias in outcome measurements that resulted
from inappropriate methods of delivering the intervention [37]
and measuring outcomes [42].
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Figure 2. Risk-of-bias assessment of randomized controlled trials (n=7) using the Risk of Bias 2 tool, with a quality rating of low risk (–), high risk
(+), or unclear risk (?).

Figure 3. Risk-of-bias assessment using the Risk of Bias in Nonrandomized Studies tool in 6 studies, with a quality rating of low risk (–), high risk
(+), or unclear risk (?).
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Outcome Measures
A summary of outcome measures and study findings can be
found in Table 2.

Anthropometry and Body Composition
Of the 13 studies, 7 (54%) analyzed anthropometry measures,
including body weight, BMI [29,34,36-38,40,41], and waist
circumference [29,36]. Of these 7 studies, 5 (71%) intended to
support weight reduction [29,36-38,40], and 2 (29%) supported
weight retention [34,41]. Of the 5 studies supporting weight
reduction, 2 (40%) reported significant improvement in weight
after the intervention [36,40]. On the other hand, only 50% (1/2)
of the studies that supported weight retention reported significant
weight gain in patients with cancer who were at risk of
malnutrition [41]. Huggins et al [34] reported attenuation of
weight loss in patients with upper gastrointestinal cancer who
received a symptom-directed nutrition intervention via telephone
compared to a mobile app. A total of 29% (2/7) of the studies
did not find significant changes in BMI between groups [29,38].
A study showed a decrease in weight among survivors of breast
cancer with overweight; however, neither the P value nor the
significance of the change was stated [37]. A total of 29% (2/7)
of the studies reported a significant reduction in waist
circumference after the intervention [29,36].

In total, 23% (3/13) of studies aiming to combat cancer-induced
malnutrition assessed body composition, namely, skeletal muscle
mass, fat-free mass, fat mass, and bone mineral density
[33,39,41]. Significant increases in skeletal muscle mass and
fat-free mass were reported in app users based on the results of
bioimpedance analysis [41]. However, the studies by Keum et
al [33] and Yang et al [39] did not show significant results of
the skeletal muscle index using computed tomography.

Nutritional Status or Index
Nutritional status was evaluated in 23% (3/13) of studies aiming
at weight gain [33,34,39]. According to the Scored PG-SGA,
Keum et al [33] reported significant improvements in nutritional
status in both the experimental and control groups but with no
statistically significant difference between groups. Similarly, a
nonsignificant difference in PG-SGA scores in the intervention
groups (delivered via telephone or mobile app) compared with
the control group was reported by Huggins et al [34]. The
PG-SGA score is derived from 7 domains, namely, weight, food
intake, nutrition impact symptoms, functional capabilities,
presence of catabolic condition, metabolic demand, and physical
examination. The scores range from 0 to 53, with higher scores
indicating poorer nutritional status [43].

Another study measured the prognostic nutritional index (PNI),
neutrophil-to-lymphocyte ratio, and platelet-to-lymphocyte ratio
for nutritional status assessment. Only the PNI showed a
significant reduction in the experimental group compared to the
control group [39]. These 3 indexes were derived from
laboratory parameters (PNI: 10 × albumin + 0.005 × absolute
lymphocyte count; neutrophil-to-lymphocyte ratio: absolute
neutrophil count/absolute lymphocyte count;
platelet-to-lymphocyte ratio: platelet/absolute lymphocyte
count). Higher readings indicate higher level of inflammation
or severity of malnutrition.

Dietary Factors
A total of 62% (8/13) of the studies examined the effect of
nutritional mobile apps on dietary outcomes in cancer
[29,31,33,35,36,38,40,41]. The common outcome measures
were daily nutrient intakes [29,31,33,36,38,41] and level of
adherence to dietary recommendations [35,40]. App users
reported reduced consumption of high-fat food, including fast
food, after the intervention [29,31]. A higher consumption of
sugary beverages was observed in non–app users compared to
app users, but no significant results were reported for the intake
of fruits and vegetables [38]. Keum et al [33] reported higher
intake of protein and energy in app users, whereas 33% (2/6)
of the studies that measured daily nutrient intake did not report
any significant findings [36,41].

The level of adherence to a healthy diet was analyzed in 25%
(2/8) of these studies. On the basis of a Rate Your Plate survey,
app users reported a significantly improved adherence to a
plant-based diet [40]. However, no significant results were
reported using the Healthy Eating Index score [35].

QoL and Symptom Burden
The impact of nutritional mobile apps on QoL was evaluated
in 46% (6/13) of the studies. In total, 33% (2/6) of these studies
measured QoL using the European Organisation for Research
and Treatment of Cancer Quality of Life Questionnaire (EORTC
QLQ-C30) [33,34]. A total of 50% (3/6) of the studies used the
Functional Assessment of Cancer Therapy–General (FACT-G)
[36], the Functional Assessment of Cancer Therapy–Breast
(FACT-B) [30], and Functional Assessment of Cancer
Therapy–Endocrine Symptoms (FACT-ES) [32]. In total, 17%
(1/6) of the studies used the Patient-Reported Outcomes
Measurement Information System Global Health–10 to assess
QoL [35]. In total, 33% (2/6) of the studies reported significant
improvements in QoL based on the EORTC QLQ-C30 [33] and
FACT-ES [32] tools. Higher scores were reported for overall
perception of QoL and physical, emotional, and functional
well-being, whereas lower scores were reported for endocrine
symptoms and psychosocial distress. The remaining studies did
not report any significant QoL results [34-36,40].

The EORTC QLQ-C30 covers 5 functional domains (physical,
emotional, social, role, and cognitive), 9 symptoms (fatigue,
nausea and vomiting, pain, dyspnea, insomnia, appetite loss,
constipation, diarrhea, and financial difficulties), and a general
health perception. The total score ranges from 0 to 100, with
higher scores indicating greater symptoms or better functional
status [44]. The FACT-G comprises 27 items and 5 Likert rating
scales (0-4), similar to the FACT-B and FACT-ES. The FACT-G
measures the domains of physical, social, emotional, and
functional well-being, whereas the FACT-B and FACT-ES have
11 additional breast cancer–related items and 9 additional
endocrine-related items, respectively. The total score of these
QoL tools can be >100, with higher scores indicating greater
symptoms or better functional status [45].

The Visual Analog Scale–Fatigue and 2-item Patient Health
Questionnaire were used in the study by Cairo et al [40].
Although the experimental group reported improved levels of
fatigue and depression after the intervention, these changes were
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not statistically significant. The Visual Analog Scale–Fatigue
comprises 18 items answered on a Likert scale from 0 to 10,
with higher scores indicating higher levels of pain or fatigue.
On the other hand, the 2-item Patient Health Questionnaire
comprises 2 items pertaining to anhedonia and depression
ranging from 0 to 6, with higher scores indicating more
depressive symptoms [46].

No significant results were found using quality-adjusted life
years (QALYs) in the study by Huggins et al [34].

Discussion

Principal Findings
Nutritional mobile apps for populations with cancer have the
potential to improve body weight or composition, nutritional
status, dietary adherence, and QoL across the continuum of
cancer care. The apps offered the basic functions of recording
and tracking users’ food intake and weight in general. It was
unclear whether custom-developed mobile apps were efficacious
for nutrition-related health outcomes and QoL in cancer care.
However, incorporating commercial mobile apps seemed to be
beneficial for improving nutritional care in populations with
cancer. This could be due to the implementation of
self-monitoring of their progress, a necessary step in delivering
quality nutrition care [5]. This review observed that the
beneficial effect of stand-alone interventions was comparable
with that of multicomponent interventions. However, the results
may not be able to discern the magnitude of the difference due
to limited data. Overall, the studies included in this review were
of low to moderate quality. For RCTs, lack of blinding and
biased treatment allocation were the major concerns. Failure to
define the intervention status in terms of types, frequency, and
timing reported by non-RCTs made the evaluation of nutritional
mobile apps challenging.

Comparison to Prior Work
Among the interventions that aimed to support weight loss,
almost half (2/5, 40%) reported successful weight control among
patients with cancer and overweight. In public health research,
the common measures are BMI, waist circumference,
waist-to-hip ratio, and body fat percentage [47]. Waist-to-height
ratio has also been known to be a good surrogate in predicting
the risk of noncommunicable diseases [48,49]. Implementing
effective dietary strategies for successful weight loss is highly
recommended to reduce the risk of cancer recurrence in
long-term survivorship [4]. A review underpinned the beneficial
effects of eHealth interventions on weight management in
survivors of cancer, with a greater impact if combined with
dietary counseling [50].

Our review found reduced intake of fast food [29] and sugary
food [38] in app users. When aiming at weight loss, adhering
to healthy eating guidelines should be the goal to sustain good
health and well-being. A bariatric study highlighted the need
to change eating behaviors for sustainable weight management
[51]. Self-monitoring weight changes and dietary behavior is a
common feature in app-based weight loss programs. The use
of mobile app interventions for improved eating behavior and
diet quality seems to be promising [52]. There are multiple

factors influencing eating habits among school-aged children,
particularly role modeling and parenting styles [53]. In addition
to app gamification, creating a conducive learning environment
in schools and at home could be a way to promote healthy eating
habits among children.

The primary concern regarding undernutrition is the lack of
energy that the body needs to undergo cancer treatment, which
could result in treatment toxicities, longer hospital stays, or
reduced QoL [4]. Among interventions that aim to support
weight gain in patients with cancer who were malnourished,
delivering nutrition support via mobile app platforms may help
prevent drastic weight loss and improve skeletal muscle mass
and overall nutritional status. However, the findings of this
review do not reflect the long-term beneficial effects due to lack
of data. Despite the growing development of nutrition apps,
tailoring dietary interventions to individuals’ needs, nutritional
status, cancer type, treatment plan, and comorbid conditions is
still an unmet need [54].

Of the 6 studies that focused on QoL, only 2 (33%) showed
significant changes in QoL at the treatment phase based on the
EORTC QLQ-C30 and FACT-ES [32,33]. A review that focused
on app-based interventions to improve nutrition or lifestyle
behaviors in patients with breast cancer showed a similar finding
during chemotherapy [55]. This could be due to enhanced user
engagement by improving self-motivation, health information,
social support, and goal setting [56]. The 2 cancer-specific tools
used in our review were the EORTC QLQ-C30 [44] and
FACT-G [45], which allow for a multidimensional assessments
of QoL. These tools yield a comprehensive evaluation of
individuals’progress. QALYs, which account for both QoL and
survival, have been increasingly used as a standard measure to
evaluate disease burden at the population or regional level
[57,58]. However, Huggins et al [34] reported no significant
results for QALYs in groups that received the intervention via
mobile app or telephone compared to controls. Failure to obtain
significant results could be due to less participants who
continued to use the mobile app after the intervention period.

Strengths and Limitations
This is the first review that has evaluated the impact of
app-based dietary interventions in cancer care. The review was
based on a systematic search strategy that focused on nutrition
interventions delivered via mobile app platforms and on
populations with cancer. However, this review has certain
limitations. First, only English-language articles were included
in the search for this review. Second, the heterogeneity of study
designs, interventions, app features, and cancer types was
substantial, requiring the results to be interpreted cautiously.
Third, the inconsistent measurement and reporting of incomplete
data made comparisons difficult across the studies. Finally, this
review included pilot studies that comprised small sample sizes
(11/13, 85% of the interventions enrolled <70 participants per
group), resulting in limited generalizability of the study findings.

Conclusions
Mobile app–based nutrition interventions have a favorable effect
on nutritional status and QoL in patients with cancer. In addition,
mobile apps that incorporate nutrition interventions could also
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be beneficial for survivors after cancer treatment. However, it
was unclear whether custom-developed apps were efficacious
for improved nutrition-related outcomes and QoL. The
continuity of nutritional care in patients with cancer via mobile
app platforms could help in achieving a healthy weight by
improving their adherence to dietary guidelines. Although most

studies yielded favorable outcomes, they were rated as being
of low to moderate quality.

Future studies should emphasize randomized controlled designs,
larger sample sizes, diet-only mobile apps, greater homogeneity
of outcome measures and population characteristics, and high
participant engagement and retention within the study.
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Abstract

Background: Advances in therapies have significantly improved the outcomes of patients with cancer. However, multidimensional
symptoms negatively impact patients’ quality of life. Traditional symptom analysis methods fail to capture the dynamic and
interactive nature of these symptoms, limiting progress in supportive care. Network analysis (NA) is a promising method to
evaluate complex medical situations.

Objective: We performed a systematic review to explore NA’s contribution to understanding the complexity of symptom
experiences in patients with cancer.

Methods: The research question was as follows: “In patients with cancer (population), what is the contribution of NA (intervention)
to understanding the complexity of multidimensional symptom experiences (outcome)?” The keywords “network analysis” AND
“symptoms” AND “cancer survivors” OR “cancer patients” were searched in MEDLINE, Embase, Google Scholar, and Scopus
between 2010 and 2024. Citations were extracted using Covidence software. Two reviewers independently screened the articles
and resolved inclusion disagreements through consensus. Data were synthetized, and results have been narratively described.
Bias analysis was performed using the Methodological Index for Non-Randomized Studies tool.

Results: Among 764 articles initially identified, 22 were included. Studies evaluated mixed solid tumors (n=10), digestive tract
cancers (n=4), breast cancer (n=3), head and neck cancer (n=2), gliomas (n=2), and mixed solid and hematological cancers (n=1).
Twelve studies used general symptom assessment tools, whereas 10 focused on neuropsychological symptoms. Moreover, 1 study
evaluated symptoms at diagnosis, 1 evaluated them during curative radiotherapy, 4 evaluated them during the perioperative period,
5 evaluated them during chemotherapy, 4 evaluated them during ongoing cancer therapies, and 7 evaluated them after acute
treatments. Among these, 3 evaluated the longitudinal changes in symptom networks across chemotherapy cycles, and 1 evaluated
changes during radiotherapy. Three studies investigated the associations between symptoms and biological parameters. Several
NA approaches were used: network visualization (n=1), Bayesian network (n=1), pairwise Markov random field and IsingFit
method (n=1), unregularized Gaussian graphical model (n=2), regularized partial correlation network (n=6), network visualization
and community NA (n=1), network visualization and Walktrap algorithm (n=1), undirected network model with the
Fruchterman-Reingold and edge-betweenness approaches (n=4), biased correlation and concise pattern diagram (n=1), extended
Bayesian information criterion graphical LASSO method (n=3), cross-lagged panel network (n=1), and unspecified NA (n=3).
Psychological symptoms, particularly anxiety, depression, and distress, were frequently identified as central and stably
interconnected. Fatigue consistently emerged as a core symptom, closely linked to sleep disturbances, cognitive impairment, and
emotional distress. Associations between symptoms and inflammatory biomarkers (eg, interleukin-6, C-reactive protein, and
tumor necrosis factor-α) suggest a biological basis for symptom interconnectivity.
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Conclusions: NA consistently identified core symptoms, particularly psychological symptoms and fatigue, and associations
with inflammatory biomarkers. NA may deepen the understanding of symptom interconnectivity and guide more effective
interventions. However, further longitudinal homogeneous studies using standardized methodologies are needed.

(JMIR Cancer 2025;11:e66087)   doi:10.2196/66087
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network analysis; symptoms; cancer patients; systematic review; cancer treatment; symptom management

Introduction

The global burden of cancer is continuously increasing, with
Europe accounting for one-fifth of the total cancer cases and
cancer deaths [1]. Over the past 2 decades, advances in
multidisciplinary management and tailored drug therapies have
significantly improved treatment outcomes, offering potential
cures or long-term remission and leading to the concept of
cancer survivorship [2,3]. However, despite these medical
advancements, many patients with cancer continue to experience
persistent and complex symptoms resulting from both the
disease and its treatments, negatively affecting their quality of
life (QoL) for years after diagnosis [4,5]. New treatment
opportunities provided by cancer research are often paired with
unpleasant side effects, such as those observed with recent
advances in immunotherapy, highlighting the need for a deeper
understanding of symptom interactions to improve symptom
management strategies [6,7].

Traditional approaches to symptom analysis, such as the
symptom cluster approach [8,9], have sought to identify groups
of co-occurring symptoms that share common mechanisms and
clinical outcomes [10-12]. However, the symptom cluster
approach has faced criticism due to its reliance on statistical
grouping techniques that do not fully capture the dynamic
relationships between symptoms and clusters [11,13-15].
Specifically, it lacks the ability to assess direct interactions
within or between symptom clusters and does not account for
causal relationships between symptoms [13,14]. These
limitations have prompted researchers to explore network
analysis (NA) as a novel methodological framework for studying
symptom complexity [16,17]. NA, originally developed in
mathematics and graph theory, has gained traction in
psychological and medical research for its ability to estimate
complex patterns of relationships and to reveal core features of
mental disorders [18,19]. This approach grants a new ontological
view on mental diseases, conceiving them as complex systems
of components, which are maintained by mutual relationships
between them, without the need to identify causal latent
variables [17,19,20].

This network-based approach differs fundamentally from
traditional models by conceptualizing diseases as interconnected
systems rather than relying on predefined diagnostic categories
[18].

In cancer research, NA offers a powerful framework for
understanding symptom interactions, identifying core symptoms,
and refining symptom management strategies. This approach
could enable clinicians to develop targeted interventions,
prioritizing symptoms that have the highest impact on patients’

QoL, which can ultimately enhance patient care [21]. In the
study by Kossakowski et al [21], NA was used to analyze data
related to health-related QoL in both a healthy population and
patients with cancer, showing that maintaining daily routines
and work activities could prevent symptom-related vicious
cycles. Their findings emphasized the importance of
psychosocial interventions in cancer treatment strategies [21].

Beyond symptom management, NA also holds promise for
uncovering the underlying biological mechanisms driving
symptom progression [22]. By integrating biological markers
into symptom networks, this approach could provide new
insights into pathophysiological pathways, offering opportunities
for more biologically informed therapeutic strategies.

Kosvyra et al [22] explored the application of NA in the study
of the biological data of patients with cancer, highlighting a
significant gap in multiomics and predictive analyses, which
limits the integration of biological mechanisms into symptom
network research [22].

Despite promising findings, the application of NA in cancer
symptom research remains fragmented, with existing studies
often limited by sample heterogeneity, varied methodologies,
and a lack of integration with biological data and therapeutic
interventions. In this systematic review, we propose to
investigate this complex and heterogeneous literature with a
precise research question focusing on the contribution of NA
in understanding the symptom experience of patients with
cancer. The results will be detailed, and we will discuss
methodological approaches used in existing studies, including
differences in network construction and analysis; identify
knowledge gaps; and propose future research directions.

By critically evaluating the existing literature, this review
provides the first comprehensive assessment of the role of NA
in understanding cancer symptomatology, emphasizing its
potential to refine symptom management and enhance patient
outcomes.

Methods

NA Approach
A network is a set of nodes (variables) and a set of edges
(statistical relationships) connecting the nodes [19]. In the
medicine field, nodes are symptoms, and a network is a graphic
representation of the complex association observable between
symptoms. Several types of networks have been developed:
directed networks (cyclic or acyclic), in which the direction of
the edges is determined; undirected networks, in which the
direction of the edges is unknown [19]; weighted networks, in
which the weight of the edges is represented by their thickness
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and can represent a positive association or negative association;
and unweighted networks, in which the edges either exist or not,

and if they exist, they all have the same importance [18]. The
classical structures of networks are represented in Figure 1.

Figure 1. (A) Representation of 3 nodes (symptoms) with their relationships (edges). Networks: (B) unweighted, undirected network; (C) weighted
network; and (D) cyclic or acyclic directed network.

NA has to follow a precise methodology: collect the data of
interest (from cross-sectional, longitudinal, or panel data
studies), construct the network, describe it, and analyze its
stability [18,19]. The choice of the NA method influences
network structure, the relationships captured, and the
assumptions imposed on the data [20].

Once constructed, the structures of the network have to be
analyzed in terms of its properties: what is the importance of
nodes, is the global structure dense, and are the nodes isolated?
These properties are described in terms of centrality (degree,
node strength, closeness, betweenness, and clustering) [18].
Finally, the network accuracy has to be evaluated [19].
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Pairwise Markov random fields and directed acyclic graphs are
the most used methods in the psychopathological sciences [18].
Pairwise Markov random fields (Ising model and Gaussian
graphical model) involve undirected models used to represent
conditional dependence or independence between pairs of
variables and are constructed using local conditional probability
distributions [18]. The presence of an edge between 2 nodes

indicates that they are conditionally dependent, and the absence
of an edge indicates that they are conditionally independent.
However, they do not explain model causal relationships. In
contrast, directed acyclic graphs represent causal relationships,
mapping directed interactions between symptoms without
relying on probability distributions [18]. A comparative
summary of these models is provided in Table 1.

Table 1. Comparison between pairwise Markov random fields and directed acyclic graphs.

Directed acyclic graphPairwise Markov random fieldVariable

Directed acyclic graphUndirected graphGraph type

Represents causal relationships between variablesEncodes conditional dependencies between variablesEdge interpretation

Directed edges (A → B means A influences B)No direction (edges are bidirectional)Edge direction

Uses d-separation to determine conditional independenceAn edge’s presence or absence represents conditional de-
pendence or independence

Conditional independence

Explicitly models cause-and-effect relationshipsDoes not assume causal relationshipsCausality

Acyclic (no feedback loops allowed)Can contain cyclesLoops/cycles

Uses the chain rule to express joint probability based on
parent-child relationships

Factorizes the joint distribution using local conditional
distributions

Factorization of probability

Follows Bayes’ theorem to express probabilitiesTypically modeled using local Markov propertiesMathematical representation

Bayesian network and structural equation model (SEM)Ising model, Gaussian graphical model, and mixed graphi-
cal model

Common models

Can explicitly include latent variablesTypically does not incorporate latent variables directlyHandling of latent variables

Parameters estimated using MLE, Bayesian inference, or
SEM methods

Uses maximum likelihood estimation (MLE) or regulariza-
tion techniques (eg, LASSO)

Parameter estimation

Research Question and Design
The research question was structured using the specialized PICO
(population, intervention, comparator, outcome) framework.
The final research question was as follows: “Considering
patients with cancer (population), what is the contribution of
the NA approach (intervention) to the understanding of the
complexity of multidimensional symptom experiences
(outcome)?” The PRISMA (Preferred Reporting Items for
Systematic Reviews and Meta-Analyses) checklist was used to
structure the report (Multimedia Appendix 1).

Search Strategy
We systematically searched the following databases: PubMed
(MEDLINE), Embase, Scopus, and Google Scholar. The search
strategy was developed by the authors using a combination of
medical subject headings, EMTREE thesaurus terms, and
free-text keywords informed by an initial scoping review of the
literature. No librarian or information specialist was consulted.

The search combined the terms “network analysis,” “symptoms,”
and (“cancer patients” or “cancer survivors”) using Boolean
operators. For multiword terms, quotation marks were used
where appropriate (eg, “network analysis”). Filters were applied
to limit results to studies on human adults published in English
between 2010 and February 2024. A full description of the
search strings and filters applied in each database is available
in Multimedia Appendix 2.

References retrieved from the databases were imported into
Covidence systematic review software, which automatically

identified and removed duplicates. Additional references were
identified through manual handsearching of Google Scholar.

Selection Criteria
To be included in the review, the articles had to evaluate
symptoms or symptom clusters in adult patients with cancer via
an NA approach, either at diagnosis or during acute cancer
treatment, long-lasting adjuvant therapy, and follow-up alone.
To maintain some disease homogeneity, studies focusing on
hematological patients alone were excluded, although those
with mixed patient populations, solid tumors, or hematological
cancers were admissible. Given that this review focuses on
symptoms, articles evaluating QoL, coping strategies, or
symptom-targeted interventions alone were excluded. Reviews
or meta-analyses were also excluded. Eligible articles had to be
written in English. This systematic review was not registered.

Study Selection
The reference management software Covidence was used to
export citations from database searches. Two reviewers (VR
and AG) independently screened the titles and abstracts, and
full-text screening was performed by both reviewers.
Disagreements on inclusion were resolved through consensus.

Data Extraction
A predefined extraction form was developed for data extraction.
The process was performed by one reviewer (VR) and verified
by a second reviewer (AG). Data were synthesized regarding
different parameters: design of the study, main purpose of the
study, sample size, cancer type, time of symptom assessment,
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tools used for symptom assessment and measures, NA methods,
and main findings of the NA. The results are narratively
described.

Bias Analysis
The methodological quality and risk of bias of the included
studies were assessed using the Methodological Index for
Non-Randomized Studies (MINORS) tool. This validated
instrument was chosen as it is specifically designed to assess
the methodological quality of nonrandomized surgical studies,
whether comparative or noncomparative, and has been adapted
for use in systematic reviews across various medical fields [23].

The MINORS tool evaluates studies across 12 items: 8 items
for noncomparative studies and an additional 4 items for
comparative studies. Each item is scored as 0 (not reported), 1
(reported but inadequate), or 2 (reported and adequate). For
noncomparative studies, the global ideal score is 16, while for
comparative studies, it is 24. Two reviewers (EP and GB)
independently conducted the bias assessment, with
disagreements resolved through discussion until consensus was
reached.

The evaluation criteria included clearly stated aims, consecutive
patient inclusion, prospective data collection, appropriate
endpoints, unbiased outcome assessment, appropriate follow-up
period, loss to follow-up analysis, and prospective calculation
of study size. For comparative studies, additional criteria
included adequate control group selection, contemporary groups,
baseline equivalence, and adequate statistical analysis.

Results

Search Results
A total of 764 articles were initially identified through searches
across 4 literature databases. After title and abstract screening,
677 articles were excluded. Of the 39 full-text articles assessed
for eligibility, 17 were excluded (9 due to the use of the wrong
intervention and 8 due to an inappropriate study design).
Ultimately, 22 studies were included in this review, comprising
a cumulative total of 20,393 participants.

The complete PRISMA flow diagram is presented in Figure 2.
The diagram was generated using the PRISMA Flow Diagram
Tool [24].
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Figure 2. PRISMA 2020 flow diagram depicting the identification, screening, and inclusion process for studies in the systematic review.

Characteristics of the Included Studies
All characteristics of the selected studies are summarized in the
subsections below and detailed in Table 2.
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Table 2. Selected studies for the review.

Symptom assessment: toolsb and

biomarkersc

Sample description (including can-

cer typea) and assessment period

Main purposesStudy designStudy and
country

Tools: MDASI (18 symptoms)Explore symptom co-occurrence and
overlap patterns using network

Secondary analysis
of a randomized trial
(2007); Longitudinal

Bhavnani et
al [25],
2010; United
States

• N=665 (463 female); Age: 21
years or older; Cancer type:
solid tumors 94%, NHK 6%;

Period: during CTd
analysis. Explore quantitative mea-
sures to analyze symptom co-occur-
rence and overlap (observed pat-
terns).

Tools: PSQI (sleep quality), MFSI-
SF (fatigue), CES-D (mood),

Investigate how depression, fatigue,
and sleep interactions affect cogni-

tion and QoLf during CT.

Secondary analysis

of a NIHe-funded
study (2004-2010);
Longitudinal

Xu et al
[26], 2018;
United
States

• N=74 (74 female); Age: 51.8
(SD 9.5) years; Cancer type:
BC; Period: pre-CT, post-CT,
and 1 year after

FACT-B (quality of life), FOSQ
(functional outcomes of sleepiness),
and NP (cognition)

Tools: mMSAS (38 symptoms)Evaluate the occurrence, severity,
and distress of 38 cancer symptoms.

Secondary analysis
part of a longitudinal
study

Papachristou
et al [27],
2019; United
States

• N=1328 (1032 female); Age:
57.2 (SD 12.4) years; Cancer
type: BC 40.2%, GI 30.7%,
GYN 17.3%, LC 13.2%; Peri-
od: during CT

Compare symptom networks based
on occurrence, severity, and distress.

Tools: PHQ-9 (depressive symp-
toms)

Compare depressive symptom
severity, frequency, and networks
between patients with cancer and
the general population.

Cross-sectional from
2 studies: cross-sec-
tional prospective
patients with cancer;
survey control gener-
al population

Hartung et al
[28], 2019;
Germany

• Study 1: N=4020 patients with
cancer (2050 female); Age: 58
(SD 11) years

• Study 2: N=4020 individuals
from the general population
(2050 female); Age: 55 (SD
15) years

• Cancer type: BC 22.54%, PC
15.85%, CR 12.69%, and oth-
ers 15.47%; Period: 14 months
after diagnosis (mean)

Tools: CIS-FS (fatigue), CES-D
(depressive and anxiety symptoms),

Examine relationships among
symptoms and psychosocial risk or
protective factors.

Cross-sectionalSchellekens
et al [29],
2020; The
Netherlands

• N=342 (264 female); Age:
51.35 (SD 10.62) years; Cancer
type: BC 45.6%, metastatic
36.8%; Period: ongoing treat-
ments.

HDI (well-being), RSCL (physical
symptoms), GSBQ (social withdraw-
al), ICQ (illness cognition), GAS
(goal engagement), and WGS (part-
ner support)

Tools: EORTC-QLQ-C30 (30
symptoms; emotional and cognitive
functioning scales)

Identify symptom clustering across
cancer types using network model-
ing.

Secondary analysis
from the PROFILES

registry and NCRg;

de Rooij et
al [30],
2021; The
Netherlands

• N=1330 (835 female); Age: 61
(SD 15) years; Cancer type:
BC 14.29%, CR 14.29%, Ov
14.29%, Thy 14.29%, HK
14.29%, NHK 14.29%, and

Cross-sectional sur-
vey data

CLL 14.29%; Period: years af-
ter diagnosis

Tools: assessment of 20 symptoms,
including 12 core symptoms, with
a numerical rating scale (0-10)

Identify stable symptom clusters and
their interrelationships across treat-
ment cycles.

Secondary data anal-
ysis from the

SMILE RCTh; Lon-
gitudinal

Rha and Lee
[31], 2021;
Korea

• N=249 (184 female); Age:
51.89 (SD 9.75) years; Cancer
type: BC 60.3%, GC 33.3%,
and LC 6.4%; Period: across
CT cycles

Tools: K-MDASI (Korean version;
13 symptoms), K-HADS (Korean

Study physical or psychological
symptoms and QoL changes before
or after gastric surgery.

LongitudinalShim et al
[32], 2021;
Korea

• N=256 (92 female); Age: 62.41
(SD 10.72) years; Cancer type:
GC; Period: before and 1 week
and 3-6 months after surgery

version; depressive and anxiety
symptoms), and FACT-Ga (QoL)
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Symptom assessment: toolsb and

biomarkersc

Sample description (including can-

cer typea) and assessment period

Main purposesStudy designStudy and
country

Tools: PCI-total (cognition), UCLA
Loneliness Scale (loneliness), Per-
ceived Stress Scale (stress),
PROMIS (fatigue, anxiety, depres-
sion), PSQI (sleep quality), and Ep-
worth Sleepiness Scale (daytime
sleepiness); Biomarkers: 13 cy-
tokines (TNF-α, GM-CSF, INF-γ,
IL-2, IL-1b, IL-5, IL-7, IL-8, IL-10,
IL-13, IL-6, IL-2, and IL-4)

• N=66 (66 female); Age: 48.44
(SD 8.73) years; Cancer type:
BC; Period: after adjuvant CT
(6 months-10 years)

Visualize symptom-cytokine net-
works and evaluate centrality in BC
survivors.

Cross-sectionalHenneghan
et al [33],
2021; United
States

Tools: mMSAS (38 symptoms)• N=987 (779 female); Age: 56.9
(SD 12) years; Cancer type:
BC 41.3%, GI 29.8%, GYN
17.7%, and LC 11.2%; Period:
across 2 CT cycles, 6 time
points

Analyze changes in symptom clus-
ters across treatment time points.

LongitudinalKalantari et
al [34],
2022; United
Kingdom

Tools: PHQ-8 (depressive symp-
toms), MFI (fatigue), PSQI (sleep
quality), and PRO-CTCAE (cogni-
tive dysfunction and pain)

• N=172 (45 female); Age: 59.8
(SD 9.9) years; Cancer type:
HNC; Period: 4 times across
radiotherapy

Examine temporal networks of psy-
choneurological symptoms.

LongitudinalLin et al
[35], 2022;
United
States

Tools: PSQI (sleep quality), HADS
(depressive and anxiety symptoms),
EORTC-QLQ-H&N35 (EORTC-
oral pain-related symptoms), and
MFI (fatigue); Biomarkers: cortisol
saliva, serum CRP, IL-6, IL-10, and
TNF-α

• Cohort 1 (complete data):
N=264 (55 female); Age: 65
(SD 8.2) years

• Cohort 2 (incomplete data):
N=475 (135 female); Age: 62
(SD 10.4) years

• Cancer type: HNC; Period: at
diagnosis and before treatment

Link 5 psychoneurological symp-
toms with stress biomarkers in
newly diagnosed HNC.

Cross-sectionalSantoso et al
[36], 2022;
The Nether-
lands

Tools: MDASI (18 symptoms)• N=1065 (712 female); Age:
65.00 (SD 11.42) years; Cancer
type: BC 29.3%, GI 22.6%,
HNK 14.74%, and LC 14.46%;
Period: cancer treatments
completed (years)

Explore network structure and
symptom centrality in cancer sur-
vivors.

Cross-sectionalZhu et al
[37], 2022;
China

Tools: MDASI-GI• N=286 (114 female); Age:
55.5% 65 years or older; Can-
cer type: early esophageal; Pe-
riod: early postoperative

Identify clusters and core symptoms
after esophageal cancer surgery.

Cross-sectionalJi et al [38],
2023; China

Tools: CIS-FS (fatigue), CES-D
(depressive symptoms), MOS-cog
(cognitive functioning), EORTC-
BN-20 (EORTC brain-tumor-related

symptoms), and SF-36 (HRQoLi)

• N=256 (95 female); Age: mean
47 years; Cancer type: glioma;
Period: pre- and postoperative

Compare global strength between
symptom networks to understand if
symptoms are more tightly connect-
ed in different subgroups of patients.

Retrospective; Sec-
ondary analysis of
merged studies

Röttgering et
al [39],
2023; The
Netherlands

Tools: FACT-ES (19 items)• N=613 (613 female); Age: 49.5
(SD 9.4) years; Cancer type:
BC; Period: endocrine therapy
after acute care

Explore symptom networks in pa-
tients with BC under endocrine
therapy.

Secondary data anal-
ysis from a cross-
sectional study

Jing et al
[40], 2023;
China

Tools: HAMA-14 (anxiety),
HAMD-24 (depressive symptoms),
PSQI (sleep quality), MFI (fatigue),
and numerical rating scale 0-10
(pain); Biomarkers: IL-1β, IL-6, IL-
4, IL-10, CRP, and TNF-α

• N=203 (102 female); Age:
54.10 (SD 14.1) years; Cancer
type: glioma; Period: during
treatments

Study links between symptoms and
inflammatory biomarkers in glioma.

Cross-sectionalLi et al [41],
2023; China

Tools: MDASI-GI• N=202 (58 female); Age: 66.01
(SD 8.97) years; Cancer type:
DC; Period: ongoing therapies.

Identify core symptom clusters in
patients with DC.

Cross-sectionalWang et al
[42], 2023;
China
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Symptom assessment: toolsb and

biomarkersc

Sample description (including can-

cer typea) and assessment period

Main purposesStudy designStudy and
country

Teng et al
[43], 2024;
China

Tools: mMSAS (32 symptoms)• N=512 (139 female); Age:
65.21 (SD 8.94) years; Cancer
type: LC (advanced 68%).;
Period: post-CT

Map symptom clusters and central
symptoms after CT in patients with
LC.

Cross-sectional

Tools: MDASI (18 symptoms)• N=485 (295 female); Age:
72.54 (SD 6.44) years; Cancer
type: elderly patients with can-
cer; Period: after acute treat-
ments

Compare symptom networks by
survivorship groups in elderly pa-
tients with cancer.

Secondary analysis;
Cross-sectional

Kuang et al
[44], 2024;
China

Tools: MDASI-GI• N=230 (94 female); Age: 66.13
(SD 10.80) years; Cancer type:
operable CR; Period: pre- and
postsurgery

Track predictive interactions be-
tween symptoms over time.

ProspectiveShang et al
[45], 2024;
China

Tools: DS-MV• N=413 (413 female); Age:
54.01 (SD 10.35) years; Cancer
type: BC 63.2%, GC 18.4%,
DC 10.7%, and others 7.7%;
Period: ongoing therapies

Explore demoralization symptom
networks in female patients with
cancer.

Cross-sectional sur-
vey

Gong et al
[46], 2024;
China

aThe following cancer types were identified in the included studies: breast cancer (BC), chronic lymphocytic leukemia (CLL), colorectal cancer (CR),
digestive cancer (DC), gastric cancer (GC), gastrointestinal cancer (GI), gynecological cancer (GYN), Hodgkin lymphoma (HK), head and neck cancer
(HNC), lung cancer (LC), non-Hodgkin lymphoma (NHK), ovarian cancer (Ov), prostate cancer (PC), and thyroid cancer (Thy).
bThe following assessment tools were used in the included studies: Center for Epidemiologic Studies Depression Scale (CES-D), Checklist Individual
Strength–Fatigue Severity (CIS-FS), Demoralization Scale Mandarin version (DS-MV), European Organization for Research and Treatment of Cancer
Quality of Life Core Questionnaire (EORTC-QLQ-C30), Functional Assessment of Cancer Therapy–Breast Cancer (FACT-B), Functional Assessment
of Cancer Therapy–Endocrine Subscale (FACT-ES), Functional Assessment of Cancer Therapy–Gastric Cancer (FACT-Ga), Functional Outcomes of
Sleepiness Questionnaire (FOSQ), Goal Adjustment Scale (GAS), Groningen Social Behavior Questionnaire (GSBQ), Hospital Anxiety and Depression
Scale (HADS), Hamilton Anxiety Scale–14 items (HAMA-14), Hamilton Depression Scale–24 items (HAMD-24), health and disease inventory (HDI),
illness cognitions questionnaire (ICQ), MD Anderson Symptom Inventory (MDASI), MDASI–gastrointestinal cancer version (MDASI-GI),
Multidimensional Fatigue Symptom Inventory–Short Form (MFSI-SF), Modified Memorial Symptom Assessment Scale (mMSAS), Medical Outcomes
Study Cognitive Functioning Scale (MOS-cog), neuropsychological test battery composite score (NP), Perceived Cognitive Impairment scale (PCI),
Patient Health Questionnaire–8 items (PHQ-8), Patient Health Questionnaire–9 items (PHQ-9), Patient-Reported Outcomes version of the Common
Terminology Criteria for Adverse Events (PRO-CTCAE), Patient-Reported Outcomes Measurement Information System (PROMIS), Pittsburgh Sleep
Quality Index (PSQI), Rotterdam Symptom Checklist (RSCL), 36-item short-form survey (SF-36), and ways of giving support (WGS).
cThe following biomarkers were evaluated in the included studies: C-reactive protein (CRP), granulocyte-macrophage colony-stimulating factor
(GM-CSF), interleukin (IL), interferon gamma (INF-γ), and tumor necrosis factor alpha (TNF-α).
dCT: chemotherapy.
eNIH: National Institutes of Health.
fQoL: quality of life.
gNCR: Netherlands Cancer Registry.
hRCT: randomized controlled trial.
iHRQoL: health-related quality of life.

Time of Publication
The included studies were published between 2010 and 2024,
with 18 out of the 22 studies published between 2021 and
February 2024.

Sample Sizes
The sample sizes ranged from 66 patients [33] to 4020 patients
[28].

Design of the Study
Of the 22 studies, 7 were based on secondary data analyses and
15 were based on primary data (5 longitudinal and 10
cross-sectional studies).

Types of Cancer
Among the studies, mixed solid tumor populations were
evaluated in 10 studies, digestive tract cohorts were assessed
in 4 studies, breast cancer was evaluated in 3 studies, and head
and neck cancers and gliomas were assessed in 2 studies. One
study investigated a mixed cohort of solid and hematological
cancers.

Tools for Symptom Assessment and Measures
Symptoms were assessed via 2 classes of validated tools. Twelve
studies used general symptom assessment tools, such as the MD
Anderson Symptoms Inventory and cancer type versions (n=6),
the Modified Memorial Symptom Assessment Scale (n=3), the
European Organization for the Research and Treatment of
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Cancer Quality of Life Questionnaire (n=1), the Twenty
Symptoms List (n=1), and the Functional Assessment of Cancer
Therapy-Endocrine Subscale (n=1), whereas 10 studies focused
on neuropsychological symptoms via tools such as the Patient
Health Questionnaire-9 (n=1), the Perceived Cognitive
Impairment scale (n=1), the Hospital Anxiety and Depression
Scale (n=1), and 7 other tools.

Time of Symptom Assessment
Considering the timing of symptom assessments, only 1 study
evaluated symptoms at diagnosis before any treatment [36], 1
evaluated symptoms during curative radiotherapy [28], 4
evaluated symptoms during the perioperative period
[32,38,39,45], 5 evaluated symptoms during chemotherapy
[25-27,31,34], 4 evaluated symptoms during ongoing cancer
therapies [29,41,42,46], and 7 evaluated symptoms after acute
treatments [28,30,33,37,40,43,44]. Among these, 3 studies
evaluated the longitudinal changes in symptom networks across
chemotherapy cycles [26,31,34] and 1 evaluated changes during
radiotherapy sessions [35]. Three studies investigated the
associations between symptoms and biological parameters
[33,41,43].

NA Approach
Several NA approaches and models were used to perform the
studies included in this review. Some studies used different
models: network visualization (n=1), Bayesian network (n=1),
pairwise Markov random field and IsingFit method (n=1),
unregularized Gaussian graphical model (n=2), regularized
partial correlation network (n=6), network visualization and
community NA (n=1), network visualization and Walktrap
algorithm (n=1), undirected network model with the
Fruchterman-Reingold approach and edge-betweenness
approach (n=4), biased correlation network and concise pattern
network diagram (n=1), extended Bayesian information criterion
graphical LASSO method (n=3), cross-lagged panel network
(n=1), and unspecified NA (n=3).

Main Findings
In the following sections, we delve into the 22 included studies
on the basis of the time of symptom assessment: at diagnosis
and during or after acute cancer treatment.

Symptom Networks at Diagnosis
Only 1 study [36] evaluated symptom networks at cancer
diagnosis (head and neck tumor). The connections between
neuropsychological symptom networks and serum cytokines
were also investigated. Four nodes had the most important
position in the network: fatigue, poor sleep quality, C-reactive
protein (CRP), and interleukin (IL)-6.

Symptom Networks During Acute Cancer Treatments

Chemotherapy

Five studies identified and evaluated symptom networks during
chemotherapy.

Bhavnani et al [25] used NA to evaluate symptom co-occurrence
in oncology, with a cohort of 665 patients with mixed tumors.
Inspired by the results of symptom cluster research and its
limitations, they used networks to visually analyze how 18

symptoms co-occurred across patients. They described a strongly
nested structure of symptom co-occurrence, offering a new
approach to the complexity of symptoms in patients with cancer.

Papachristou et al [27] investigated the relationships among 38
common symptoms in a cohort of 1328 patients with cancer, at
1 evaluation time point. They reported that the connections
between and among symptoms may differ depending on the
symptom dimension used to create the network (occurrence,
severity, and distress). They identified a psychological symptom
cluster that was stable across all 3 dimensions. They offered
perspectives on the use of the network theory to develop new
models aiming at improving therapeutic interventions for
patients with cancer.

Other authors have reported the need for new interventions in
patients with cancer. Rha and Lee [31] investigated clusters and
the evolution of symptom networks across chemotherapy cycles
in mixed solid tumor populations. They reported stable symptom
clusters and evolving networks depending on the evaluation
time point and the type of cancer, and the most central symptom
identified was fatigue. The authors argued for the development
of interventions focusing on central symptoms.

Kalantari et al [34] investigated 38 symptoms in 987 patients
with cancer and assessed 4 different cancer types across 2 cycles
of chemotherapy. They identified 8 relatively stable symptom
clusters.

Xu et al [26] evaluated neuropsychological symptoms and QoL
in a newly diagnosed breast cancer population across several
chemotherapy cycles. They applied Bayesian network methods
to investigate the role of sleep, fatigue, and mood on cognition
and QoL across and after chemotherapy. They revealed strong
direct and indirect links among symptoms, cognitive
performance, and QoL. Sleep quality was directly linked to
cognitive performance with late chemotherapy cycles. The
authors concluded that a better understanding of the
interrelationships among those symptoms, QoL, and cognition
could guide the design of further effective interventions [26].

Radiotherapy

Lin et al [35] evaluated psychoneurological symptoms during
radiotherapy (4 times) in 172 patients with newly diagnosed
head and neck cancer. Depression and fatigue were the 2 core
symptoms identified. The network structure was relatively stable
over the treatment time. As previously suggested by other
authors, Lin et al [35] argued that identifying core symptoms
represents an opportunity to decrease other co-occurring
symptoms.

Perioperative Period

Four studies evaluated symptom networks during the
perioperative period (3 digestive tract tumor populations and 1
glioma population).

Röttgering et al [39] evaluated patterns of associations among
depression, cognition, brain tumor–related symptoms, and QoL
in a population of 256 diffuse gliomas. They constructed 6
networks based on the presence or absence of 3 disease statuses
(surgical, tumor grade, and fatigue). Fatigue severity, depression,
and social functioning were nodes highly correlated across the
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6 networks. The number of nodes in the nonfatigued network
was lower than that in the fatigued network. They suggested
the need for integrative symptom management and targeted
fatigue as a priority.

Other authors have reported the need to target specific
psychological symptoms to reduce other interconnected
symptoms [32]. Indeed, Shim et al [32] evaluated associations
between cancer-related physical and psychological symptoms
and QoL, before and after intent-to-cure surgery in 256 patients
with gastric cancer. Distress and sadness were the most central
symptoms across all time points. They identified connections
between emotional and physical well-being.

Ji et al [38] reported that multiple symptom clusters occurred
in a cohort of 286 patients with early esophageal cancer who
were surgically treated. Sadness and fatigue were the core
symptoms.

Shang et al [45] conducted a prospective study among 230
patients with operable colorectal cancer and evaluated 18
symptoms before and after surgery. They described a stable
network with disturbed sleep and distress, which are the most
prevalent symptoms to be targeted.

Ongoing Treatments

Several cross-sectional studies have evaluated networks in mixed
cancer patient cohorts or mixed treatments (surgery,
radiotherapy, chemotherapy, and hormonal treatment).

Among the objectives of NA research, identifying risk and
protective factors has been discussed as an interesting approach
to help further treatment strategies in patients with cancer. In
342 treated patients with cancer seeking psychological care,
Schellekens et al [29] investigated the interconnectedness of
fatigue, depression, anxiety, and potential risk and protective
factors (physical symptoms, social withdrawal, illness cognition,
goal adjustment, and partner support). Depressed mood, loss of
enjoyment, and worthlessness were central nodes. Fatigue,
anxiety, and depression appear strongly interconnected.
Acceptance of illness was centrally embedded in the networks.

Wang et al [42] conducted a study among 202 treated patients
with digestive cancer and identified distress, disturbed sleep,
poor appetite, and sadness as the most common symptoms. The
psychoemotional symptom cluster was the core symptom cluster.

Gong et al [46] explored the core and bridge symptoms of
demoralization in 420 treated female patients with cancer.
Discouragement, a lack of self-worth, hopelessness, and
vulnerability were identified as the core and bridge symptoms.

Symptom Networks After Acute Cancer Treatments
Seven studies investigated symptom networks after acute cancer
treatments, ranging from 1 week to several years.

Teng et al [43] identified 4 symptom clusters with a high
stability network in 512 patients with advanced lung cancer 1
week after chemotherapy cycles.

Jing et al [40] explored the relationship of endocrine
therapy–related symptoms to identify the core symptoms in a
population of 613 patients with breast cancer receiving adjuvant

hormonal treatment (average duration: 3.6 years). Mood swings
and irritability were the most prevalent symptoms, and loss of
interest in sex and joint pains were the most severe symptoms.
There were no significant differences in network structure or
global strength across treatment types (aromatase inhibitors vs
selective estrogen receptor modulators) [40].

Concerning depressive symptoms in patients with cancer,
Hartung et al [28] compared the frequency and relationships of
depressive symptoms between patients with cancer and those
in the general population. Depressive symptoms were much
more common in patients with cancer but were less closely
related to each other. Individual depressive symptom patterns
should be considered in individuals rather than in group
analyses.

de Rooij et al [30] aimed to explore the full complexity of
symptoms. In a study evaluating symptom clusters in 1330
survivors of 7 cancer types, they reported that fatigue was
consistently the most central symptom in an identified cluster
and should be targeted. They concluded that interrelated
symptoms may share the same underlying pathophysiological
mechanisms, offering opportunities for new reflections on
treatment strategies [30].

Henneghan et al [33] explored symptom networks in 66 patients
with breast cancer after adjuvant chemotherapy (6 months to
10 years) and reported that stress, loneliness, depressive
symptoms, and fatigue co-occur rather than occur as individual
symptoms.

Zhu et al [37] investigated the symptom network of
multidimensional symptom experiences and explored centrality
indices and density networks in a cohort of 1065 patients with
cancer who survived. They demonstrated that fatigue was the
most severe symptom and that the density of the “less than 5
years” network was significantly different from that of the
longest survivorship network. Distress, sadness, and lack of
appetite were the core symptoms.

Kuang et al [44] explored symptom networks in 483 elderly
patients with cancer who survived. The most common and
severe symptoms were fatigue, disturbed sleep, and difficulty
remembering. The density network showed differences between
“less than 5 years” and “more than 5 years” survival.

Symptom Networks and Biological Parameters
A study by Santoso et al [36] examined potential connections
between psychoneurological symptoms (poor sleep, anxiety,
and fatigue) and biomarkers of stress (cortisol slope, CRP, IL-6,
IL-10, and tumor necrosis factor-α) in more than 264 patients
with newly diagnosed head and neck cancer before treatment.
Four nodes had the most important position in the network
(fatigue, poor sleep quality, CRP, and IL-6) and may play a role
in the interconnections between symptoms and inflammatory
conditions.

Henneghan et al [33] investigated different symptoms and 13
cytokines in 66 patients with breast cancer at least 6 months
and up to 10 years after adjuvant chemotherapy. Node
betweenness was the highest for perceived cognitive impairment
and the IL-2 level. Two separate communities of nodes
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(symptoms and cytokines) within the network were revealed
and connected by several edges. They concluded that perceived
cognitive impairment, stress, loneliness, depressive symptoms,
and fatigue co-occur and that cytokines may be involved in
these biological pathways.

A study by Li et al [41] evaluated the interrelations between
neuropsychological symptoms and inflammatory biomarkers
in a cohort of 203 patients with glioma. Depression, anxiety,
fatigue, IL-6, and tumor necrosis factor-α had higher strength
centrality indices and were identified as the most central nodes
within the symptom-biomarker networks.

Methodological Quality and Risk of Bias
The methodological quality of the 22 included studies was
evaluated using the MINORS tool, and the results are
summarized in Table 3. Overall, studies demonstrated moderate

to high methodological rigor. Many studies, including the studies
by Bhavnani et al [25], Xu et al [26], and Shim et al [32],
reported clear aims and appropriate statistical analyses. Several
studies, such as the studies by Rha and Lee [31], Kalantari et
al [34], and Lin et al [35], employed longitudinal designs,
enhancing their capacity to assess symptom dynamics over time.
Other studies, such as the studies by Papachristou et al [27] and
de Rooij et al [30], used large, heterogeneous samples with
comprehensive network models, though some lacked follow-up
or sample size reporting. Comparative studies scored well across
all 12 MINORS criteria (eg, [28,40,42]). In contrast,
noncomparative studies were assessed on the first 8 criteria and
showed greater variability (eg, [33,36,46]). No studies were
excluded based on their MINORS scores, but rather, the risk of
bias assessment informed our interpretation of the findings and
provided essential context for understanding methodological
strengths and limitations across the reviewed literature.
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Table 3. Quality assessment of the included studies.

Key commentaryCategoryStudy

CSnNCSmSAlGEkCoGjCGiSSChLoss

<5%g
FPfUAeAEdPDcCPbCAa

Innovative study using network analysis to
show symptoms that follow a nested struc-

1313200200022122Bhavnani et
al [25], 2010

ture rather than distinct clusters; the main
limitation was secondary data analysis.

Sophisticated Bayesian network modeling
study; found that sleep quality during

1111200000222212Xu et al
[26], 2018

chemotherapy was directly linked to cogni-
tive performance in patients with breast
cancer.

Large sample study showing that symptom
networks differ by the dimension assessed
(occurrence).

1410222010022212Papachristou
et al [27],
2019

Rigorous study with large matched samples
showing that depressive symptoms were

1610222220022112Hartung et al
[28], 2019

more frequent but less interconnected in
patients with cancer; suggested that external
factors drive symptoms.

Robust preregistered analysis of distressed
patients with cancer; identified depressed
mood.

1111200010022222Schellekens
et al [29],
2020

Strong methodological study examining
symptom clusters across 7 cancer types;

1510212120022012de Rooij et
al [30], 2021

identified fatigue as a consistently central
symptom; limited by cross-sectional design.

Strong longitudinal analysis identified 3
stable symptom clusters across chemothera-

1212200010222212Rha and Lee
[31], 2021

py cycles, with fatigue as the most central
symptom across all time points.

Prospective study highlighting the central
role of distress and sadness across perioper-

1212200000222222Shim et al
[32], 2021

ative time points; psychological symptoms
served as bridges connecting symptoms to
quality of life.

Innovative exploratory study examining
symptom-cytokine networks in breast can-

88200000022202Henneghan
et al [33],
2021 cer survivors; identified IL-2 and cognitive

impairment as central; limited by a small
sample size.

Rigorous longitudinal study identifying 8
symptom clusters across chemotherapy cy-

1411212000222212Kalantari et
al [34], 2022

cles; demonstrated the stability of core
symptoms over time despite changing
severity.

Strong longitudinal study examining symp-
tom networks in patients with head and neck

1512212010222212Lin et al
[35], 2022

cancer; identified depression and fatigue as
core symptoms across time points.

Large sample study found poor sleep.1010200000022222Santoso et al
[36], 2022

Large sample study found distress, sadness,
and lack of appetite as core symptoms in

99200000022212Zhu et al
[37], 2023

cancer survivors; network density was
higher in survivors <5 years vs >5 years.
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Key commentaryCategoryStudy

CSnNCSmSAlGEkCoGjCGiSSChLoss

<5%g
FPfUAeAEdPDcCPbCAa

Identified symptom clusters in early recov-
ery after esophageal cancer surgery, with
sadness and fatigue as core symptoms; good
sample size but convenience sampling.

99200000022212Ji et al [38],
2023

Found fatigue.118212000022112Röttgering et
al [39], 2024

Strong analysis of endocrine therapy–related
symptoms in patients with breast cancer;
identified emotional symptoms as central
regardless of treatment type.

149212010022112Jing et al
[40], 2023

Examined symptom-biomarker interconnec-
tions in patients with glioma; found depres-
sion.

99200000022212Li et al [41],
2023

Well-designed study that identified a psy-
choemotional symptom cluster as core in
patients with digestive cancer; distress had
the highest centrality and the strongest
bridge effect.

1111200020022212Wang et al
[42], 2025

Large sample study that identified the sick-
ness behavior symptom cluster as most
central in postchemotherapy patients with
lung cancer; feeling irritable was a core
symptom.

99200000022212Teng et al
[43], 2024

Examined symptom networks in older adults
with cancer; found vomiting.

118212000022112Kuang et al
[44], 2024

Innovative longitudinal study using cross-
lagged panel network analysis; identified
disturbed sleep during admission as a pre-
dictor of subsequent symptoms in patients
with colorectal cancer.

1111200000222212Shang et al
[45], 2024

Identified key demoralization symptoms in
Chinese female patients with cancer;
strengths included prospective data collec-
tion; limited by convenience sampling.

99200000022212Gong et al
[46], 2024

aCA: clear aim.
bCP: consecutive patients.
cPD: prospective data.
dAE: appropriate end points.
eUA: unbiased assessment.
fFP: follow-up period.
gLoss <5%: loss to follow-up <5%.
hSSC: sample size calculation.
iCG: control group.
jCoG: contemporary groups.
kGE: group equivalence.
lSA: statistical analysis.
mNCS: noncomparative score (/16).
nCS: comparative score (/24).

Discussion

NA and Current Knowledge
Patients with cancer experience a highly interconnected network
of co-occurring symptoms, which arise from both the disease

itself and its treatment, significantly affecting QoL [4,5].
Traditional symptom analysis methods have primarily relied
on symptom clustering approaches that fail to capture the
dynamic interplay and mutual reinforcement between symptoms
[13,14,16]. This review highlights the growing application of
NA in oncology, demonstrating its potential to redefine symptom

JMIR Cancer 2025 | vol. 11 | e66087 | p.165https://cancer.jmir.org/2025/1/e66087
(page number not for citation purposes)

Richard et alJMIR CANCER

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


management by shifting the focus from treating individual
symptoms or clusters of symptoms to identifying core symptoms
that exert a broader influence on the overall network. As
Papachristou et al [27] suggested, the network theory could
offer interesting perspectives for understanding and focusing
on specific symptoms to implement new therapeutic
interventions, subsequently improving the management of
patients with cancer.

Across the 22 included studies, NA was applied at different
cancer treatment stages to identify key symptom
interconnections and potential intervention targets. One of the
most consistent findings was the prominent role of psychological
symptoms, particularly anxiety, depression, and distress, which
formed stable and interconnected networks, especially during
chemotherapy and long-term survivorship [27,37,40]. For
instance, Papachristou et al [27] found that psychological
symptoms, such as anxiety, depression, and distress, tend to
form stable networks during chemotherapy, influencing overall
symptom burden. The stability of these networks suggests that
psychological symptoms play a central role in shaping cancer
symptomatology, potentially exacerbating physical symptoms
through stress-related mechanisms. In support of this
assumption, previous studies that did not apply NA have
suggested that psychological disorders can substantially worsen
physical symptoms in patients with cancer [47,48]. A clear
example is the study by Renna et al [47] showing that breast
cancer survivors with a distress disorder may be particularly at
risk for more physical symptoms and treatment, reducing their
QoL and increasing the recurrence risk.

Another recurrent finding in our work was the identification of
fatigue as a central symptom across all treatment phases, with
strong interconnections to sleep disturbance, cognitive
impairment, and emotional distress [30,31,35]. Prominent
studies, such as those by Rha and Lee [31] and Lin et al [35],
reported that fatigue and depression consistently emerge as core
symptoms, suggesting that targeting these symptoms may
alleviate multiple co-occurring symptoms. The widespread
influence of fatigue highlights the importance of
psychophysiological symptoms in cancer symptom monitoring,
reinforcing the need for targeted interventions that address not
only fatigue itself but also its cascading effects on other
symptoms.

In addition, while most studies were purely descriptive, a subset
integrated biological markers into NA models, revealing
significant associations among fatigue, depression, sleep
disturbances, and inflammatory biomarkers such as IL-6, CRP,
and tumor necrosis factor-α [33,36,41]. These findings suggest
a possible biological underpinning of symptom clustering,
aligning with existing evidence that inflammatory pathways
may contribute to cancer-related fatigue and neuropsychological
symptoms [49,50]. However, the mechanistic links between
inflammation and symptom networks remain unclear, warranting
further investigation.

Collectively, these findings support the hypothesis that targeting
core symptoms, particularly fatigue and psychological distress,
may provide a more effective therapeutic approach than treating
symptoms in isolation. Despite the promising insights provided

by NA, the studies reviewed were primarily descriptive, limiting
their immediate clinical applicability. Further studies,
particularly longitudinal studies and interventional trials, are
necessary to determine whether NA-informed symptom
management strategies can improve patient outcomes and
facilitate the integration of network-based approaches into
clinical practice.

Implications for Clinical Practice
From the clinician’s point of view, we strongly believe that the
NA approach could lead to innovations in interventions for
patients with cancer. We thus argue for more longitudinal design
studies investigating homogeneous patient cohorts. Consensus
is required on tools to measure symptoms, with preference for
polyvalent assessment (somatic and psychological symptoms).

With respect to network types, we suggest the use of Bayesian
networks as the primary approach, considering the potential
implementation of their outcomes in artificial intelligence
datasets and consequently their use in clinical settings, especially
in health-risk prediction and the evaluation of specific
therapeutic interventions.

Finally, we believe that more clinician involvement (medical
oncology, radiotherapy, oncological surgery, supportive care,
and palliative care) in this area of research is highly necessary.

Limitations and Perspectives for This Research Area
While this review offers a comprehensive synthesis of the
current literature on the use of NA in cancer symptomatology,
with most articles published during the last 3 years [30-46],
some limitations must be acknowledged. First, there was
considerable heterogeneity among the included studies in terms
of cancer types, patient populations, sample sizes, symptom
assessment tools, and network modeling techniques. This
variability limited the ability to make direct comparisons across
studies and precluded meta-analytic synthesis. Additionally,
the majority of studies employed cross-sectional and exploratory
designs, which, although valuable for hypothesis generation,
limit the capacity to infer causality or observe symptom network
evolution over time. Only a small number of studies
incorporated biological markers [33,36,41], and none examined
the impact of NA-informed therapeutic interventions, which
constrains the applicability of the current findings to clinical
practice.

In addition, although many included studies examined
psychological symptoms, such as anxiety and depression,
relatively few explicitly assessed neurocognitive functioning,
despite its well-documented vulnerability to cancer treatments
[51]. For example, while some studies incorporated cognitive
performance indicators (eg, [26,39]), a more systematic and
targeted exploration of cancer-related cognitive impairment
within network models remains lacking. This represents an
important research gap, as cancer-related cognitive impairment
is increasingly recognized as a major component of cancer
survivorship [51].

These limitations reflect broader gaps in the field and point to
important directions for future research. First, there is a pressing
need for longitudinal studies that can track changes in symptom
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networks across different treatment phases and survivorship.
Such designs would enable researchers to identify critical time
points at which symptom interconnectivity shifts, potentially
informing more precise and timely interventions. Moreover,
future research should move beyond descriptive modeling to
include interventional studies, particularly randomized
controlled trials designed to test whether targeting core
symptoms identified through NA leads to measurable
improvements in symptom burden and QoL. For example,
evidence from non-NA–based trials has shown beneficial effects
of physical activity and mind-body interventions (eg, yoga and
mindfulness) on neuropsychological symptoms in cancer
populations [52,53]. Incorporating such interventions into future
network-informed studies could provide valuable insights into
how these therapies affect symptom interconnectivity.

Another key area for development is the integration of biological
and physiological data into NA frameworks. The limited but
promising evidence linking symptom networks with
inflammatory markers (eg, IL-6, CRP, and tumor necrosis
factor-α) suggests that incorporating physiological data,
including genomic, proteomic, and metabolomic variables,
could shed light on the underlying mechanisms driving symptom
interactions [33,36,41]. This could, in turn, support the
development of biologically informed, personalized treatment
strategies.

Furthermore, to ensure greater consistency and comparability
across future studies, standardization of methodological
approaches is essential. This includes the use of validated and
comprehensive symptom assessment tools, consistent time
points for symptom evaluation, and transparent reporting of
network construction and statistical parameters. The
development of consensus guidelines for conducting and
reporting NA in oncology would represent a valuable step
toward building a more cohesive and interpretable body of
research.

In addition to study design variability, methodological
considerations inherent to NA approaches must also be
acknowledged. Several included studies used different NA
techniques, such as Gaussian graphical models or Bayesian
networks, with varying assumptions, sparsity constraints, and
estimation procedures. The sensitivity and specificity of these
models in capturing symptom interconnections depend heavily
on data quality, sample size, and statistical regularization
methods [20]. Furthermore, the stability of centrality measures

and the reproducibility of network structures were not
systematically evaluated across studies, limiting conclusions
about the robustness and generalizability of findings [54].
Greater methodological standardization and reporting
transparency are needed to ensure the validity of symptom
networks in oncology.

In summary, while current studies provide compelling evidence
for the potential of NA to enhance symptom understanding in
cancer care, addressing methodological limitations and
expanding the scope of research are essential next steps.

Conclusions
Cancer is a complex disease that causes significant disruption
to both biological systems and overall health, leading to
complex, interrelated symptom experiences in patients with
cancer. This review highlights the growing application of NA
as a valuable tool for understanding the complexity of
cancer-related symptoms.

Across the included studies, NA consistently identified core
symptoms, particularly psychological symptoms and fatigue,
that appear central to patients’ experiences across treatment
stages. These findings suggest that focusing on core symptom
interconnectivity may offer more effective avenues for symptom
management than traditional approaches targeting isolated
symptoms.

While current research offers compelling evidence for the
application of NA in cancer symptomatology, several
methodological limitations persist. Future studies should focus
on longitudinal designs that track symptom networks across
different phases of cancer treatment and survivorship. Further
research should also explore interventional approaches to
determine whether NA-informed strategies can improve
symptom management and enhance QoL. Integrating biological
and physiological data into NA frameworks holds promise for
developing personalized, biologically informed treatment
strategies.

Standardization of methodological approaches, including
validated symptom assessment tools, and transparent reporting
of network construction are essential to strengthen the
consistency and comparability of findings across studies.
Ultimately, network-informed research can contribute to a
deeper understanding of cancer symptom interconnectivity and
lead to more effective and targeted interventions, improving
outcomes for patients with cancer.

 

Acknowledgments
The authors would like to thank the staff and colleagues at the Department of Computational Medicine and Neuropsychiatry,
Faculty of Medicine, University of Mons, for their support and collaboration throughout the development of this study. We also
acknowledge the contributions of all researchers whose work formed the basis of this systematic review. Generative OpenAI
(ChatGPT) was used under the authors’ supervision for language editing and grammatical improvement only, without any
intellectual contribution. This research received no specific grant from any funding agency in the public, commercial, or
not-for-profit sectors.

JMIR Cancer 2025 | vol. 11 | e66087 | p.167https://cancer.jmir.org/2025/1/e66087
(page number not for citation purposes)

Richard et alJMIR CANCER

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Authors' Contributions
VR contributed to conceptualization, data curation, formal analysis, writing–original draft, and writing–review and editing. AG
contributed to conceptualization, data curation, formal analysis, methodology, writing–original draft, and writing–review and
editing. EP contributed to visualization and writing–review and editing. GB contributed to supervision, writing–review and
editing, and validation.

Conflicts of Interest
None declared.

Multimedia Appendix 1
PRISMA checklist.
[PDF File (Adobe PDF File), 129 KB - cancer_v11i1e66087_app1.pdf ]

Multimedia Appendix 2
Detailed search strategies.
[DOCX File , 21 KB - cancer_v11i1e66087_app2.docx ]

References
1. Bray F, Laversanne M, Sung H, Ferlay J, Siegel RL, Soerjomataram I, et al. Global cancer statistics 2022: GLOBOCAN

estimates of incidence and mortality worldwide for 36 cancers in 185 countries. CA Cancer J Clin 2024 Apr 04;74(3):229-263
[FREE Full text] [doi: 10.3322/caac.21834] [Medline: 38572751]

2. Mayer DK, Nasso SF, Earp JA. Defining cancer survivors, their needs, and perspectives on survivorship health care in the
USA. The Lancet Oncology 2017 Jan;18(1):e11-e18. [doi: 10.1016/s1470-2045(16)30573-3]

3. Institute of Medicine and National Research Council. From Cancer Patient to Cancer Survivor: Lost in Transition. Washington,
DC: The National Academies Press; 2006.

4. Tevaarwerk A, Denlinger CS, Sanft T, Ansbaugh SM, Armenian S, Baker KS, et al. Survivorship, Version 1.2021. J Natl
Compr Canc Netw 2021 Jun 30;19(6):676-685 [FREE Full text] [doi: 10.6004/jnccn.2021.0028] [Medline: 34214969]

5. Joshy G, Thandrayen J, Koczwara B, Butow P, Laidsaar-Powell R, Rankin N, et al. Disability, psychological distress and
quality of life in relation to cancer diagnosis and cancer type: population-based Australian study of 22,505 cancer survivors
and 244,000 people without cancer. BMC Med 2020 Dec 01;18(1):372 [FREE Full text] [doi: 10.1186/s12916-020-01830-4]
[Medline: 33256726]

6. Lagergren P, Schandl A, Aaronson NK, Adami H, de Lorenzo F, Denis L, European Academy of Cancer Sciences. Cancer
survivorship: an integral part of Europe's research agenda. Mol Oncol 2019 Mar 08;13(3):624-635 [FREE Full text] [doi:
10.1002/1878-0261.12428] [Medline: 30552794]

7. Multinational Association of Supportive Care in Cancer (MASCC). URL: https://mascc.org/ [accessed 2025-06-16]
8. Dodd MJ, Miaskowski C, Lee KA. Occurrence of symptom clusters. J Natl Cancer Inst Monogr 2004 Jul 01;2004(32):76-78.

[doi: 10.1093/jncimonographs/lgh008] [Medline: 15263044]
9. Miaskowski C, Barsevick A, Berger A, Casagrande R, Grady PA, Jacobsen P, et al. Advancing symptom science through

symptom cluster research: expert panel proceedings and recommendations. J Natl Cancer Inst 2017 Apr 24;109(4):djw253
[FREE Full text] [doi: 10.1093/jnci/djw253] [Medline: 28119347]

10. Miaskowski C, Dodd M, Lee K. Symptom clusters: the new frontier in symptom management research. J Natl Cancer Inst
Monogr 2004(32):17-21. [doi: 10.1093/jncimonographs/lgh023] [Medline: 15263036]

11. Harris CS, Kober KM, Conley YP, Dhruva AA, Hammer MJ, Miaskowski CA. Symptom clusters in patients receiving
chemotherapy: A systematic review. BMJ Support Palliat Care 2022 Mar 17;12(1):10-21 [FREE Full text] [doi:
10.1136/bmjspcare-2021-003325] [Medline: 34921000]

12. So WKW, Law BMH, Ng MSN, He X, Chan DNS, Chan CWH, et al. Symptom clusters experienced by breast cancer
patients at various treatment stages: A systematic review. Cancer Med 2021 Apr 21;10(8):2531-2565 [FREE Full text]
[doi: 10.1002/cam4.3794] [Medline: 33749151]

13. Kim H, Abraham I, Malone P. Analytical methods and issues for symptom cluster research in oncology. Curr Opin Support
Palliat Care 2013 Mar;7(1):45-53. [doi: 10.1097/SPC.0b013e32835bf28b] [Medline: 23196378]

14. Chen E, Nguyen J, Khan L, Zhang L, Cramarossa G, Tsao M, et al. Symptom clusters in patients with advanced cancer: a
reanalysis comparing different statistical methods. J Pain Symptom Manage 2012 Jul;44(1):23-32 [FREE Full text] [doi:
10.1016/j.jpainsymman.2011.07.011] [Medline: 22658252]

15. Aktas A. Cancer symptom clusters: current concepts and controversies. Curr Opin Support Palliat Care 2013 Mar;7(1):38-44.
[doi: 10.1097/SPC.0b013e32835def5b] [Medline: 23287418]

16. Zhu Z, Xing W, Hu Y, Wu B, So WK. Paradigm shift: Moving from symptom clusters to symptom networks. Asia Pac J
Oncol Nurs 2022 Jan;9(1):5-6 [FREE Full text] [doi: 10.1016/j.apjon.2021.12.001] [Medline: 35528791]

JMIR Cancer 2025 | vol. 11 | e66087 | p.168https://cancer.jmir.org/2025/1/e66087
(page number not for citation purposes)

Richard et alJMIR CANCER

XSL•FO
RenderX

https://jmir.org/api/download?alt_name=cancer_v11i1e66087_app1.pdf&filename=2dc0c0f76000a4aad80b165a549abad2.pdf
https://jmir.org/api/download?alt_name=cancer_v11i1e66087_app1.pdf&filename=2dc0c0f76000a4aad80b165a549abad2.pdf
https://jmir.org/api/download?alt_name=cancer_v11i1e66087_app2.docx&filename=f6a87e4ad9d42160dfc33f863b25e639.docx
https://jmir.org/api/download?alt_name=cancer_v11i1e66087_app2.docx&filename=f6a87e4ad9d42160dfc33f863b25e639.docx
https://onlinelibrary.wiley.com/doi/10.3322/caac.21834
http://dx.doi.org/10.3322/caac.21834
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38572751&dopt=Abstract
http://dx.doi.org/10.1016/s1470-2045(16)30573-3
https://europepmc.org/abstract/MED/34214969
http://dx.doi.org/10.6004/jnccn.2021.0028
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34214969&dopt=Abstract
https://bmcmedicine.biomedcentral.com/articles/10.1186/s12916-020-01830-4
http://dx.doi.org/10.1186/s12916-020-01830-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33256726&dopt=Abstract
https://europepmc.org/abstract/MED/30552794
http://dx.doi.org/10.1002/1878-0261.12428
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30552794&dopt=Abstract
https://mascc.org/
http://dx.doi.org/10.1093/jncimonographs/lgh008
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15263044&dopt=Abstract
https://europepmc.org/abstract/MED/28119347
http://dx.doi.org/10.1093/jnci/djw253
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28119347&dopt=Abstract
http://dx.doi.org/10.1093/jncimonographs/lgh023
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15263036&dopt=Abstract
https://europepmc.org/abstract/MED/34921000
http://dx.doi.org/10.1136/bmjspcare-2021-003325
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34921000&dopt=Abstract
https://europepmc.org/abstract/MED/33749151
http://dx.doi.org/10.1002/cam4.3794
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33749151&dopt=Abstract
http://dx.doi.org/10.1097/SPC.0b013e32835bf28b
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23196378&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0885-3924(12)00075-9
http://dx.doi.org/10.1016/j.jpainsymman.2011.07.011
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22658252&dopt=Abstract
http://dx.doi.org/10.1097/SPC.0b013e32835def5b
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23287418&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2347-5625(21)00107-4
http://dx.doi.org/10.1016/j.apjon.2021.12.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35528791&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


17. Borsboom D. A network theory of mental disorders. World Psychiatry 2017 Feb 26;16(1):5-13 [FREE Full text] [doi:
10.1002/wps.20375] [Medline: 28127906]

18. Briganti G, Scutari M, Epskamp S, Borsboom D, Hoekstra RHA, Golino HF, et al. Network analysis: An overview for
mental health research. Int J Methods Psychiatr Res 2024 Dec 14;33(4):e2034. [doi: 10.1002/mpr.2034] [Medline: 39543824]

19. Hevey D. Network analysis: a brief overview and tutorial. Health Psychol Behav Med 2018 Sep 25;6(1):301-328 [FREE
Full text] [doi: 10.1080/21642850.2018.1521283] [Medline: 34040834]

20. Borsboom D, Deserno MK, Rhemtulla M, Epskamp S, Fried EI, McNally RJ, et al. Network analysis of multivariate data
in psychological science. Nat Rev Methods Primers 2021 Aug 19;1(1):58. [doi: 10.1038/s43586-021-00055-w]

21. Kossakowski JJ, Epskamp S, Kieffer JM, van Borkulo CD, Rhemtulla M, Borsboom D. The application of a network
approach to Health-Related Quality of Life (HRQoL): introducing a new method for assessing HRQoL in healthy adults
and cancer patients. Qual Life Res 2016 Apr 14;25(4):781-792 [FREE Full text] [doi: 10.1007/s11136-015-1127-z] [Medline:
26370099]

22. Kosvyra A, Ntzioni E, Chouvarda I. Network analysis with biological data of cancer patients: A scoping review. J Biomed
Inform 2021 Aug;120:103873 [FREE Full text] [doi: 10.1016/j.jbi.2021.103873] [Medline: 34298154]

23. Slim K, Nini E, Forestier D, Kwiatkowski F, Panis Y, Chipponi J. Methodological index for non-randomized studies
(minors): development and validation of a new instrument. ANZ J Surg 2003 Sep;73(9):712-716. [doi:
10.1046/j.1445-2197.2003.02748.x] [Medline: 12956787]

24. Haddaway NR, Page MJ, Pritchard CC, McGuinness LA. : An R package and Shiny app for producing PRISMA
2020-compliant flow diagrams, with interactivity for optimised digital transparency and Open Synthesis. Campbell Syst
Rev 2022 Jun 27;18(2):e1230 [FREE Full text] [doi: 10.1002/cl2.1230] [Medline: 36911350]

25. Bhavnani SK, Bellala G, Ganesan A, Krishna R, Saxman P, Scott C, et al. The nested structure of cancer symptoms.
Implications for analyzing co-occurrence and managing symptoms. Methods Inf Med 2010;49(6):581-591 [FREE Full text]
[doi: 10.3414/ME09-01-0083] [Medline: 21085743]

26. Xu S, Thompson W, Ancoli-Israel S, Liu L, Palmer B, Natarajan L. Cognition, quality-of-life, and symptom clusters in
breast cancer: Using Bayesian networks to elucidate complex relationships. Psychooncology 2018 Mar 21;27(3):802-809
[FREE Full text] [doi: 10.1002/pon.4571] [Medline: 29055062]

27. Papachristou N, Barnaghi P, Cooper B, Kober KM, Maguire R, Paul SM, et al. Network analysis of the multidimensional
symptom experience of oncology. Sci Rep 2019 Feb 19;9(1):2258 [FREE Full text] [doi: 10.1038/s41598-018-36973-1]
[Medline: 30783135]

28. Hartung TJ, Fried EI, Mehnert A, Hinz A, Vehling S. Frequency and network analysis of depressive symptoms in patients
with cancer compared to the general population. J Affect Disord 2019 Sep 01;256:295-301. [doi: 10.1016/j.jad.2019.06.009]
[Medline: 31200167]

29. Schellekens MPJ, Wolvers MDJ, Schroevers MJ, Bootsma TI, Cramer AOJ, van der Lee ML. Exploring the
interconnectedness of fatigue, depression, anxiety and potential risk and protective factors in cancer patients: a network
approach. J Behav Med 2020 Aug 22;43(4):553-563 [FREE Full text] [doi: 10.1007/s10865-019-00084-7] [Medline:
31435892]

30. de Rooij BH, Oerlemans S, van Deun K, Mols F, de Ligt KM, Husson O, et al. Symptom clusters in 1330 survivors of 7
cancer types from the PROFILES registry: A network analysis. Cancer 2021 Dec 15;127(24):4665-4674 [FREE Full text]
[doi: 10.1002/cncr.33852] [Medline: 34387856]

31. Rha SY, Lee J. Stable symptom clusters and evolving symptom networks in relation to chemotherapy cycles. J Pain Symptom
Manage 2021 Mar;61(3):544-554 [FREE Full text] [doi: 10.1016/j.jpainsymman.2020.08.008] [Medline: 32828931]

32. Shim E, Ha H, Suh Y, Kong S, Lee H, Yang H, et al. Network analyses of associations between cancer-related physical
and psychological symptoms and quality of life in gastric cancer patients. Psychooncology 2021 Jun 13;30(6):946-953.
[doi: 10.1002/pon.5681] [Medline: 33760355]

33. Henneghan A, Wright ML, Bourne G, Sales AC. A cross-sectional exploration of cytokine-symptom networks in breast
cancer survivors using network analysis. Can J Nurs Res 2021 Sep;53(3):303-315 [FREE Full text] [doi:
10.1177/0844562120927535] [Medline: 32482100]

34. Kalantari E, Kouchaki S, Miaskowski C, Kober K, Barnaghi P. Network analysis to identify symptoms clusters and temporal
interconnections in oncology patients. Sci Rep 2022 Oct 12;12(1):17052 [FREE Full text] [doi: 10.1038/s41598-022-21140-4]
[Medline: 36224203]

35. Lin Y, Bruner DW, Paul S, Miller AH, Saba NF, Higgins KA, et al. A network analysis of self-reported psychoneurological
symptoms in patients with head and neck cancer undergoing intensity-modulated radiotherapy. Cancer 2022
Oct;128(20):3734-3743 [FREE Full text] [doi: 10.1002/cncr.34424] [Medline: 35969226]

36. Santoso AMM, Jansen F, Peeters CFW, Baatenburg de Jong RJ, Brakenhoff RH, Langendijk JA, et al. Psychoneurological
symptoms and biomarkers of stress and inflammation in newly diagnosed head and neck cancer patients: a network analysis.
Curr Oncol 2022 Sep 28;29(10):7109-7121 [FREE Full text] [doi: 10.3390/curroncol29100559] [Medline: 36290836]

37. Zhu Z, Sun Y, Kuang Y, Yuan X, Gu H, Zhu J, et al. Contemporaneous symptom networks of multidimensional symptom
experiences in cancer survivors: A network analysis. Cancer Med 2023 Jan;12(1):663-673 [FREE Full text] [doi:
10.1002/cam4.4904] [Medline: 35651298]

JMIR Cancer 2025 | vol. 11 | e66087 | p.169https://cancer.jmir.org/2025/1/e66087
(page number not for citation purposes)

Richard et alJMIR CANCER

XSL•FO
RenderX

https://europepmc.org/abstract/MED/28127906
http://dx.doi.org/10.1002/wps.20375
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28127906&dopt=Abstract
http://dx.doi.org/10.1002/mpr.2034
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39543824&dopt=Abstract
https://www.tandfonline.com/doi/abs/10.1080/21642850.2018.1521283?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
https://www.tandfonline.com/doi/abs/10.1080/21642850.2018.1521283?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.1080/21642850.2018.1521283
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34040834&dopt=Abstract
http://dx.doi.org/10.1038/s43586-021-00055-w
https://europepmc.org/abstract/MED/26370099
http://dx.doi.org/10.1007/s11136-015-1127-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26370099&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1532-0464(21)00202-1
http://dx.doi.org/10.1016/j.jbi.2021.103873
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34298154&dopt=Abstract
http://dx.doi.org/10.1046/j.1445-2197.2003.02748.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=12956787&dopt=Abstract
https://europepmc.org/abstract/MED/36911350
http://dx.doi.org/10.1002/cl2.1230
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36911350&dopt=Abstract
https://europepmc.org/abstract/MED/21085743
http://dx.doi.org/10.3414/ME09-01-0083
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21085743&dopt=Abstract
https://europepmc.org/abstract/MED/29055062
http://dx.doi.org/10.1002/pon.4571
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29055062&dopt=Abstract
https://doi.org/10.1038/s41598-018-36973-1
http://dx.doi.org/10.1038/s41598-018-36973-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30783135&dopt=Abstract
http://dx.doi.org/10.1016/j.jad.2019.06.009
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31200167&dopt=Abstract
https://europepmc.org/abstract/MED/31435892
http://dx.doi.org/10.1007/s10865-019-00084-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31435892&dopt=Abstract
https://europepmc.org/abstract/MED/34387856
http://dx.doi.org/10.1002/cncr.33852
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34387856&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0885-3924(20)30685-0
http://dx.doi.org/10.1016/j.jpainsymman.2020.08.008
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32828931&dopt=Abstract
http://dx.doi.org/10.1002/pon.5681
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33760355&dopt=Abstract
https://europepmc.org/abstract/MED/32482100
http://dx.doi.org/10.1177/0844562120927535
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32482100&dopt=Abstract
https://doi.org/10.1038/s41598-022-21140-4
http://dx.doi.org/10.1038/s41598-022-21140-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36224203&dopt=Abstract
https://europepmc.org/abstract/MED/35969226
http://dx.doi.org/10.1002/cncr.34424
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35969226&dopt=Abstract
https://www.mdpi.com/resolver?pii=curroncol29100559
http://dx.doi.org/10.3390/curroncol29100559
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36290836&dopt=Abstract
https://europepmc.org/abstract/MED/35651298
http://dx.doi.org/10.1002/cam4.4904
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35651298&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


38. Ji Y, Zhang Y, Shi Z, Wang P, Chen T, Fan Z, et al. The symptom cluster and core symptoms of early recovery in patients
after esophageal cancer surgery: A network analysis. ResearchGate. 2023. URL: https://www.researchgate.net/publication/
376373425_The_symptom_cluster_and_core_symptoms_of_early_recovery_in_patients_after_esophageal_cancer_surgery_A_network_analysis
[accessed 2025-06-16]

39. Röttgering JG, Varkevisser TMCK, Gorter M, Belgers V, De Witt Hamer PC, Reijneveld JC, et al. Symptom networks in
glioma patients: understanding the multidimensionality of symptoms and quality of life. J Cancer Surviv 2024 Jun
16;18(3):1032-1041 [FREE Full text] [doi: 10.1007/s11764-023-01355-8] [Medline: 36922442]

40. Jing F, Zhu Z, Qiu J, Tang L, Xu L, Xing W, et al. Contemporaneous symptom networks and correlates during endocrine
therapy among breast cancer patients: A network analysis. Front Oncol 2023 Mar 31;13:1081786 [FREE Full text] [doi:
10.3389/fonc.2023.1081786] [Medline: 37064124]

41. Li H, Shi X, Li J, Zhang X, Li F. Psychoneurological symptoms and inflammatory markers in patients with glioma in China:
a network analysis. Support Care Cancer 2023 Jul 03;31(7):435. [doi: 10.1007/s00520-023-07873-6] [Medline: 37395813]

42. Wang K, Diao M, Yang Z, Salvador JT, Zhang Y. Identification of core symptom cluster in patients with digestive cancer.
Cancer Nurs 2023 Oct 26;48(1):E55-E63. [doi: 10.1097/ncc.0000000000001280]

43. Teng L, Zhou Z, Yang Y, Sun J, Dong Y, Zhu M, et al. Identifying central symptom clusters and correlates in patients with
lung cancer post-chemotherapy: A network analysis. Asia Pac J Oncol Nurs 2024 Apr;11(4):100383 [FREE Full text] [doi:
10.1016/j.apjon.2024.100383] [Medline: 38495643]

44. Kuang Y, Jing F, Sun Y, Zhu Z, Xing W. Symptom networks in older adults with cancer: A network analysis. J Geriatr
Oncol 2024 Apr;15(3):101718. [doi: 10.1016/j.jgo.2024.101718] [Medline: 38340638]

45. Shang B, Bian Z, Luo C, Lv F, Wu J, Lv S, et al. Exploring the dynamics of perioperative symptom networks in colorectal
cancer patients: a cross-lagged panel network analysis. Support Care Cancer 2023 Dec 27;32(1):62. [doi:
10.1007/s00520-023-08288-z] [Medline: 38150034]

46. Gong Y, Shang B, Tan J, Luo C, Bian Z, Wu X, et al. Core and bridge symptoms of demoralization in Chinese female
cancer patients: a network analysis. Front Psychiatry 2024 Feb 5;15:1273411 [FREE Full text] [doi:
10.3389/fpsyt.2024.1273411] [Medline: 38374974]

47. Renna ME, Shrout MR, Madison AA, Lustberg M, Povoski SP, Agnese DM, et al. Distress disorder histories relate to
greater physical symptoms among breast cancer patients and survivors: findings across the cancer trajectory. Int J Behav
Med 2023 Aug 13;30(4):463-472 [FREE Full text] [doi: 10.1007/s12529-022-10115-4] [Medline: 35831698]

48. Grassi L, Caruso R, Riba M, Lloyd-Williams M, Kissane D, Rodin G, ESMO Guidelines Committee. Electronic address:
clinicalguidelines@esmo.org. Anxiety and depression in adult cancer patients: ESMO Clinical Practice Guideline. ESMO
Open 2023 Apr;8(2):101155 [FREE Full text] [doi: 10.1016/j.esmoop.2023.101155] [Medline: 37087199]

49. Bower JE. Cancer-related fatigue--mechanisms, risk factors, and treatments. Nat Rev Clin Oncol 2014 Oct 12;11(10):597-609
[FREE Full text] [doi: 10.1038/nrclinonc.2014.127] [Medline: 25113839]

50. Saligan LN, Olson K, Filler K, Larkin D, Cramp F, Yennurajalingam S, Multinational Association of Supportive Care in
Cancer Fatigue Study Group-Biomarker Working Group. The biology of cancer-related fatigue: a review of the literature.
Support Care Cancer 2015 Aug 15;23(8):2461-2478 [FREE Full text] [doi: 10.1007/s00520-015-2763-0] [Medline:
25975676]

51. Whittaker AL, George RP, O'Malley L. Prevalence of cognitive impairment following chemotherapy treatment for breast
cancer: a systematic review and meta-analysis. Sci Rep 2022 Feb 08;12(1):2135. [doi: 10.1038/s41598-022-05682-1]
[Medline: 35136066]

52. Campbell KL, Zadravec K, Bland KA, Chesley E, Wolf F, Janelsins MC. The effect of exercise on cancer-related cognitive
impairment and applications for physical therapy: systematic review of randomized controlled trials. Phys Ther 2020 Mar
10;100(3):523-542 [FREE Full text] [doi: 10.1093/ptj/pzz090] [Medline: 32065236]

53. Janelsins MC, Peppone LJ, Heckler CE, Kesler SR, Sprod LK, Atkins J, et al. YOCAS©® yoga reduces self-reported
memory difficulty in cancer survivors in a nationwide randomized clinical trial. Integr Cancer Ther 2016 Jul 27;15(3):263-271.
[doi: 10.1177/1534735415617021]

54. Forbes MK, Wright AGC, Markon KE, Krueger RF. Quantifying the reliability and replicability of psychopathology network
characteristics. Multivariate Behav Res 2021 May 29;56(2):224-242 [FREE Full text] [doi: 10.1080/00273171.2019.1616526]
[Medline: 31140875]

Abbreviations
CRP: C-reactive protein
IL: interleukin
MINORS: Methodological Index for Non-Randomized Studies
NA: network analysis
PICO: population, intervention, comparator, outcome
PRISMA: Preferred Reporting Items for Systematic Reviews and Meta-Analyses
QoL: quality of life

JMIR Cancer 2025 | vol. 11 | e66087 | p.170https://cancer.jmir.org/2025/1/e66087
(page number not for citation purposes)

Richard et alJMIR CANCER

XSL•FO
RenderX

https://www.researchgate.net/publication/376373425_The_symptom_cluster_and_core_symptoms_of_early_recovery_in_patients_after_esophageal_cancer_surgery_A_network_analysis
https://www.researchgate.net/publication/376373425_The_symptom_cluster_and_core_symptoms_of_early_recovery_in_patients_after_esophageal_cancer_surgery_A_network_analysis
https://europepmc.org/abstract/MED/36922442
http://dx.doi.org/10.1007/s11764-023-01355-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36922442&dopt=Abstract
https://europepmc.org/abstract/MED/37064124
http://dx.doi.org/10.3389/fonc.2023.1081786
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37064124&dopt=Abstract
http://dx.doi.org/10.1007/s00520-023-07873-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37395813&dopt=Abstract
http://dx.doi.org/10.1097/ncc.0000000000001280
https://linkinghub.elsevier.com/retrieve/pii/S2347-5625(24)00007-6
http://dx.doi.org/10.1016/j.apjon.2024.100383
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38495643&dopt=Abstract
http://dx.doi.org/10.1016/j.jgo.2024.101718
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38340638&dopt=Abstract
http://dx.doi.org/10.1007/s00520-023-08288-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38150034&dopt=Abstract
https://europepmc.org/abstract/MED/38374974
http://dx.doi.org/10.3389/fpsyt.2024.1273411
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38374974&dopt=Abstract
https://europepmc.org/abstract/MED/35831698
http://dx.doi.org/10.1007/s12529-022-10115-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35831698&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2059-7029(23)00375-7
http://dx.doi.org/10.1016/j.esmoop.2023.101155
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37087199&dopt=Abstract
https://europepmc.org/abstract/MED/25113839
http://dx.doi.org/10.1038/nrclinonc.2014.127
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25113839&dopt=Abstract
https://europepmc.org/abstract/MED/25975676
http://dx.doi.org/10.1007/s00520-015-2763-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25975676&dopt=Abstract
http://dx.doi.org/10.1038/s41598-022-05682-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35136066&dopt=Abstract
https://europepmc.org/abstract/MED/32065236
http://dx.doi.org/10.1093/ptj/pzz090
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32065236&dopt=Abstract
http://dx.doi.org/10.1177/1534735415617021
https://europepmc.org/abstract/MED/31140875
http://dx.doi.org/10.1080/00273171.2019.1616526
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31140875&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


Edited by N Cahill; submitted 03.09.24; peer-reviewed by YY Kristian, J Drott; comments to author 20.12.24; revised version received
01.04.25; accepted 14.05.25; published 09.07.25.

Please cite as:
Richard V, Gilbert A, Pizzolla E, Briganti G
Investigating the Complexity of Multidimensional Symptom Experiences in Patients With Cancer: Systematic Review of the Network
Analysis Approach
JMIR Cancer 2025;11:e66087
URL: https://cancer.jmir.org/2025/1/e66087 
doi:10.2196/66087
PMID:

©Vincent Richard, Allison Gilbert, Emanuela Pizzolla, Giovanni Briganti. Originally published in JMIR Cancer
(https://cancer.jmir.org), 09.07.2025. This is an open-access article distributed under the terms of the Creative Commons Attribution
License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any
medium, provided the original work, first published in JMIR Cancer, is properly cited. The complete bibliographic information,
a link to the original publication on https://cancer.jmir.org/, as well as this copyright and license information must be included.

JMIR Cancer 2025 | vol. 11 | e66087 | p.171https://cancer.jmir.org/2025/1/e66087
(page number not for citation purposes)

Richard et alJMIR CANCER

XSL•FO
RenderX

https://cancer.jmir.org/2025/1/e66087
http://dx.doi.org/10.2196/66087
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


Chatbot for the Return of Positive Genetic Screening Results for
Hereditary Cancer Syndromes: Prompt Engineering Project

Emma Coen1, PhD; Guilherme Del Fiol2, MD, PhD; Kimberly A Kaphingst3, ScD; Emerson Borsato2, PhD; Jackilen

Shannon4, PhD; Hadley Smith5, PhD; Aaron Masino1, PhD; Caitlin G Allen6,7, MPH, PhD
1School of Computing, Clemson University, 105 Sikes Hall, Clemson, SC, United States
2Department of Biomedical Informatics, University of Utah, Salt Lake City, UT, United States
3Department of Communication, University of Utah, Salt Lake City, UT, United States
4Cancer Population Sciences, Div. Oncological Science, Oregon Health & Science University, Portland, OR, United States
5Department of Population Medicine, Harvard University, Cambridge, MA, United States
6Department of Public Health Sciences, Medical University of South Carolina, Charleston, SC, United States
7Department of Implementation Science, School of Medicine, Wake Forest University, 525 Vine St, Winston Salem, NC, United States

Corresponding Author:
Caitlin G Allen, MPH, PhD
Department of Public Health Sciences, Medical University of South Carolina, Charleston, SC, United States

Abstract

The increasing demand for population-wide genomic screening and the limited availability of genetic counseling resources have
created a pressing need for innovative service delivery models. Chatbots powered by large language models (LLMs) have shown
potential in genomic services, particularly in pretest counseling, but their application in returning positive population-wide genomic
screening results remains underexplored. Leveraging advanced LLMs like GPT-4 offers an opportunity to address this gap by
delivering accurate, contextual, and user-centered communication to individuals receiving positive genetic test results. This project
aimed to design, implement, and evaluate a chatbot integrated with GPT-4, tailored to support the return of positive genomic
screening results in the context of South Carolina’s In Our DNA SC program. This initiative offers free genetic screening to
100,000 individuals, with over 33,000 results returned and numerous positive findings for conditions such as Lynch syndrome,
hereditary breast and ovarian cancer syndrome, and familial hypercholesterolemia. A 3-step prompt engineering process using
retrieval-augmented generation and few-shot techniques was used to create the chatbot. Training materials included patient
frequently asked questions, genetic counseling scripts, and patient-derived queries. The chatbot underwent iterative refinement
based on 13 training questions, while performance was evaluated through expert ratings on responses to 2 hypothetical patient
scenarios. The 2 scenarios were intended to represent common but distinct patient profiles in terms of gender, race, ethnicity,
age, and background knowledge. Domain experts rated the chatbot using a 5-point Likert scale across 8 predefined criteria: tone,
clarity, program accuracy, domain accuracy, robustness, efficiency, boundaries, and usability. The chatbot achieved an average
score of 3.86 (SD 0.89) across all evaluation metrics. The highest-rated criteria were tone (mean 4.25, SD 0.71) and usability
(mean 4.25, SD 0.58), reflecting the chatbot’s ability to communicate effectively and provide a seamless user experience. Boundary
management (mean 4.0, SD 0.76) and efficiency (mean 3.88, SD 1.08) also scored well, while clarity and robustness received
ratings of 3.81 (SD 1.05) and 3.81 (SD 0.66), respectively. Domain accuracy was rated 3.63 (SD 0.96), indicating satisfactory
performance in delivering genetic information, whereas program accuracy received the lowest score of 3.25 (SD 1.39), highlighting
the need for improvements in delivering program-specific details. This project demonstrates the feasibility of using LLM-powered
chatbots to support the return of positive genomic screening results. The chatbot effectively handled open-ended patient queries,
maintained conversational boundaries, and delivered user-friendly responses. However, enhancements in program-specific
accuracy are essential to maximize its utility. Future research will explore hybrid chatbot designs that combine the strengths of
LLMs with rule-based components to improve scalability, accuracy, and accessibility in genomic service delivery. The findings
underscore the potential of generative artificial intelligence tools to address resource limitations and improve the accessibility of
genomic health care services.

(JMIR Cancer 2025;11:e65848)   doi:10.2196/65848

KEYWORDS

prompt engineering; few-shot learning; retrieval-augmented generation; population screening program; cancer; genetics; screening;
syndrome; genomic; counseling; large language model; LLM; engineering; chatbot; prompt; RAG; mobile phone
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Introduction

The increased demand for genomic testing, resulting growth in
patient volume, and limited access to providers with genomic
expertise has necessitated new, innovative genetic service
delivery models [1-6]. Prior research has demonstrated the
feasibility and acceptability of incorporating technologies such
as chatbots to support common communication that occurs
throughout the genomic service delivery process [7-10].
Chatbots are a highly accessible and scalable platform that
allows for simulated conversations. Accessible via the web
through a hyperlink or downloadable app, chatbots can be used
on a smartphone, tablet, or computer. The use of chatbots has
also been shown to improve access to services and support
health equity by providing personalized health education, being
available in multiple languages, and offering continuous access
to information [11-15].

The integration of chatbots into routine and ancillary tasks such
as pretest counseling education, informed consent, delivery of
negative results, and cascade testing have been shown to be
feasible and effective in supporting genomic service delivery
[8,16]. For example, chatbots have been used to collect family
health history, provide pretest support, communicate with family
members about results, and obtain consent for genomic research
[8,17-19]. Prior results from the BRIDGE (Broadening the
Reach, Impact, and Delivery of Genetic Services) trial showed
equivalence between a technology-based chatbot approach and
standard of care in the completion of pretest genetics education
and completion of genetic testing among unaffected primary
care patients meeting criteria for cancer genetic evaluation [20].
Additional research in other health service delivery contexts
has found that patients using chatbots reported a better
understanding of their condition or procedure, being more
prepared for upcoming appointments, and feeling more informed
when making health care decisions [21-29].

To date, the integration of chatbot technology into genomic
service delivery has yet to focus on the return of positive genetic
test results directly to patients. Currently, the return of positive
results has been carried out largely through direct
communication, due to the complex and sensitive nature of the
information, the potential psychological impact of learning
about genetic predisposition, and the need to ensure
understanding of the results and their implications. However,
nonchatbot technology-based solutions, such as digital patient
portals, are available to communicate with patients about these
results and have been shown to be highly acceptable and
preferred in genomics research [8,10,16,30-35]. Furthermore,
a large-scale study across 3 academic medical centers found
that individuals preferred laboratory test results to be delivered
immediately digitally [30].

Prior qualitative data have indicated that patients are favorable
toward receiving results via chatbots, as they are convenient
and allow for the opportunity to contemplate information and
ask questions [8]. Digital health communication approaches,
such as chatbots, may be especially appropriate for the
disclosure of population-wide genomic screening (PGS) results.
PGS is often conducted on a large scale, targeting asymptomatic

individuals as part of public health initiatives. As a result, the
communication typically emphasizes general risk awareness,
with initial results disclosure indicating increased risk rather
than confirming a diagnosis. The Consent and Disclosure of
Recommendations workgroup funded by the National Cancer
Institute’s Clinical Genome Resource (ClinGen) recommends
considering factors such as test complexity, testing situation
complexity, implications of genetic diagnosis to the patient and
family, evidence of potential adverse psychological impact, and
availability of high-quality and patient-friendly materials when
deciding on the level of interaction with the patient [36,37].
Since PGS is typically completed through research and consent
from participants and individuals are receiving results for
well-defined hereditary conditions, the necessary level of initial
communication about positive PGS results is lower than more
complex, clinical results.

While high levels of acceptability, usability, and understanding
of chatbots have been found in prior research, the majority of
chatbots developed to date are rule-based, meaning that they
operate on a set of predefined navigation paths with predefined
scripted options and responses [8,9,19]. This approach allows
for reliability and consistency in managing response options.
However, user testing of rule-based chatbots has also revealed
a need for chatbots that allow users to ask open-ended questions
and receive responses in real time [8,9,19]. More recently, the
release of large language models (LLMs) such as ChatGPT
offers an opportunity to direct open-ended questions to LLMs
to better support the return of positive genetic testing results,
as open-ended questions allow for more nuanced and
personalized responses. However, it is critical to test such
systems to ensure that patients would receive accurate and clear
information. Indeed, creating a hybrid chatbot with both
rule-based and LLM components can offer a versatile and
streamlined user experience by ensuring that key information
is covered in the rule-based components of the chatbot and
allowing for the LLM component to support complex,
open-ended queries that are not covered in the scripted content.
The objectives of the present project were to (1) prompt engineer
an LLM-based chatbot focused on answering questions about
the return of positive PGS results, and (2) conduct an intrinsic
evaluation of the prompt engineering approach based on
hypothetical cases and expert raters. This viewpoint paper offers
insight into the application of specific prompt engineering
methods to create patient-facing chatbots in the hereditary cancer
diagnostic process.

Methods

Project Setting
We trained this chatbot using prompt engineering for the context
of answering questions about the return of PGS results for an
ongoing PGS program being delivered at the Medical University
of South Carolina (MUSC). The PGS program was established
in November 2021 with a focus on providing free genetic
screening to 100,000 individuals in South Carolina. At the time
of analysis, the program has recruited 59,352 individuals,
returned 33,142 results, and identified 132 individuals with
Lynch syndrome, 265 individuals with hereditary breast and
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ovarian cancer syndrome, and 191 individuals with familial
hypercholesterolemia.

Prompt Engineering Approach for Open-Ended
Content

Overview
LLM models have been applied to improve accuracy and
standardization for a variety of biomedical tasks including
medical guidelines retrieval, diagnostics, medical reporting,
and medical education [38-40]. The LLM selected depends on
the task at hand, with a variety of LLMs developed for specific
medical tasks and specialties [41]. Commonly used LLMs
include ChatGPT, Perplexity AI, Claude AI, and Google Bard
[42]. Developing generative artificial intelligence (AI) standards
emphasizes the need to design generative AI tools responsibly
for user mental models and build trust while allowing for
generative variability, cocreation, and imperfection [43].
Meeting these standards requires effective prompt engineering,
which includes the process of developing the text that instructs
the LLM to complete a given task [44].

We used a 3-step prompt using the retrieval-augmented
generation (RAG) technique which integrates retrieval-based
methods with generative models, enabling the generation of
contextually informed responses by retrieving relevant
knowledge from a large corpus and incorporating it into the
output generation process. RAG has been shown to improve
LLM model performances by incorporating external information
as a domain-specific knowledge base [45,46]. This project used
OpenAI’s GPT Version 4-Turbo-Preview model, as new
research has indicated GPT version 4 performs significantly
better at answering genetics questions than version 3.5
[43,44,47]. OpenAI’s Playground was used for prompt
engineering and testing. GPT4 was trained to respond about a
variety of topics including providing examples of the impact of
positive results, screening recommendations, and family history
and cascade testing resources, and providing details regarding
genetic counseling and specific PGS programs. Boundaries
were also provided to ensure GPT4 responses remained within
the intended scope of the chatbot.

Step 1: Provide Content and Context to GPT4
We used the RAG technique for prompt development. The RAG
approach consisted of providing supplementary materials that
were uploaded through OpenAI’s Playground “File Search”
function which allows GPT4 to access the additional information
in real time when responding to users’questions. The additional
files uploaded were: (1) detailed descriptions and frequently
asked questions from the MUSC’s PGS website; (2) MUSC
Genetic Counseling Scripts: standard scripts used by genetic
counselors at MUSC, providing insights into professional
communication and common queries; and (3) Genome Medical
Genetic Counseling Scripts: scripts from Genome Medical to
offer additional perspectives. These documents expanded the

model’s knowledge base to increase the detail, consistency, and
accuracy of responses. The team observed an improvement in
the chatbot’s replies after including these documents based on
the established evaluation criteria.

Step 2: Establish a Bank of Commonly Asked Questions
To train and test the LLM, a bank of commonly asked questions
was developed. This bank of questions was derived from patient
quality improvement interviews and expert input. This step
ensures that the model is trained on a wide array of realistic and
relevant scenarios, enabling it to provide accurate and helpful
responses. The list of 27 questions was randomly divided into
13 training questions and 14 evaluation questions (Multimedia
Appendix 1).

Step 3: Develop and Refine Prompts
The core of prompt engineering involves creating and refining
prompts that train the AI model to elicit the most accurate and
appropriate responses. The prompt development process used
OpenAI GPT assistants to develop an initial draft prompt. The
prompt aimed to not only inform the chatbot about the
situational context and content to be discussed but also about
the writing style and limitations it should adhere to. We
completed iterative testing by inputting the prompt as the
instructions for the AI assistant and running the 13 training
questions through the messaging feature. Adjustments were
made to the initial prompt until the chatbot answers were
deemed accurate, clear, and appropriate by our internal team.
This process is subject to the bias of the team. However, the
team was careful to evaluate the chatbot responses strictly based
on the evaluation criteria and quality of responses to the test
questions. The prompt indicated to the LLM that patient cases
would be provided as input.

Prompt Engineering Evaluation

Overview
After completing the prompt engineering of our LLM chatbot,
we conducted an intrinsic evaluation based on 2 hypothetical
cases that were presented to domain experts in clinical genomics.
The evaluation consisted of 2 steps described below.

Step 1: Establish the Prompt Evaluation Criteria
Previous literature has indicated relevant criteria to consider for
chatbots in health communication [48]. Considering this
previous work, we established relevant evaluation criteria
tailored to this project through discussion and consensus among
the team (Table 1). Based on 8 criteria, an evaluation instrument
was developed in REDCap (Research Electronic Data Capture;
Vanderbilt University) consisting of the 8 criteria, their
definitions, and the ability to rate each criterion using a 5-point
Likert scale from 1=Very Poor to 5=Excellent. Because prompt
engineering in this context is a relatively new field, these criteria
were optimized as much as possible with limited precedent.
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Table . Evaluation criteria.

Quality definitionCriteria

The ability of the chatbot to express information in a way that is appropriate
for the type of information being delivered

Tone

The ability of the chatbot to communicate information clearly and in a
way that avoids ambiguity or confusion

Clarity

The ability of the chatbot to provide correct information about the PGSa

program

Program accuracy

The ability of the chatbot to provide correct information about the genetic
test results and care implications

Domain accuracy

Ability to handle ambiguous queries or incomplete informationRobustness

Ability to provide answers that are direct, concise, and completeEfficiency

Ability to avoid answering questions that are unrelated to the topicBoundaries

Ease of interfacing with the chatbotUsability

aPGS: population-wide genomic screening.

Step 2: Development of Case Scenarios and Expert
Ratings
We developed 2 hypothetical scenarios focused on returning
results to individuals who participated in PGS. We used

scenarios to allow the expert raters to view the chatbot from the
perspective of a specific hypothetical patient (Textbox 1).

Textbox 1. Case scenarios.

Case 1: Anna

• A 34-year-old White woman named Anna participated in the In Our DNA SC population-wide genomic screening program in November. She
had no personal or family history of cancer. She saw a digital advertisement and decided to participate in the program out of curiosity about her
health. She had previously completed a direct-to-consumer genetic screen through 23andMe but did not receive any concerning results. A few
months passed after she provided her sample. Her results showed that she has a BRCA1 mutation. Anna was shocked to find this news about her
BRCA1 mutation and is concerned about the next steps in her care.

Case 2: Josh

• A 56-year-old Black man named Josh previously had colorectal cancer. His sister participated in In Our DNA SC based on a recommendation
from her doctor. Josh’s sister convinced him that it would be beneficial for him to participate. He reluctantly agreed to participate but did not see
much of a point since he had already been treated for colorectal cancer. Josh received results showing that he was positive for the MLH1 gene,
which means he has Lynch syndrome. Josh was confused by these results. He did not understand how these results would be important to him
since he already had cancer.

Results

Final Prompt and Example Responses
The final prompt used for the LLM is included in Multimedia
Appendix 2. Instructions for the prompt included a description
of the type of patients the chatbot would be interfacing with
(eg, patients who have done genetic testing as part of MUSC’s
population genomics program and are receiving their results
digitally), the types of questions the chatbot may receive (eg,
patient questions may range from understanding their specific

probability of developing cancer to inquiries about insurance
coverage), and boundaries (eg, do not provide any kind of
medical advice […] if the patient asks questions outside of your
boundaries, reply with “I am unable to answer questions
unrelated to genetic testing or helping you get to your first
appointment with a genetic counselor.”). Other elements of the
prompt included the style of the response and literacy level (eg,
you will be replying to adults, but use a fifth-grade level
vocabulary. Provide a clear, direct, concise response, preferably
in bullet point format). Examples of responses provided by the
chatbot are included in Table 2.
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Table . Sample questions and LLMa responses.

LLM responseQuestion

I’m here to help, but remember, I can’t give you specific costs because
they can vary a lot depending on several factors. Here’s what you should
know about the costs of genetic counseling visits and screenings:

What is the cost of genetic counseling visits and the screening?

• Insurance coverage: Many health insurance plans cover genetic
counseling and screening, especially if you have a higher risk for
certain conditions. However, coverage can vary, so it’s important to
check with your insurance provider.

• Genetic counseling costs: The cost of a genetic counseling session
can vary based on the location, the facility, and whether the counselor
is part of a hospital or a private clinic. Some genetic counselors may
work with you on payment options if you are paying out of pocket.

• Screening costs: Like counseling, the cost for genetic screenings can
vary widely. It depends on the type of screening and whether it’s
covered by insurance.

• Financial assistance programs: Some hospitals, clinics, and organiza-
tions offer financial assistance or programs that might help cover the
cost of genetic testing and counseling for those who qualify.

It’s a good idea to:
• Contact your insurance company to find out what they cover and if

you need a referral.
• Ask the genetic counseling service about costs and payment options

when you schedule your appointment.

For individuals with an MLH1 mutation, recommended treatment and
preventive care focus on lowering the risk of cancer and catching any

What is the recommended treatment or preventative care?

signs of cancer early. While I can’t give personal medical advice, here are
some general recommendations:
• Regular screenings:

• Colonoscopy: Starting at a younger age and happening more
often than for the general population, usually every 1 to 2 years.

• Physical exams: Including checking for changes in your body
that might indicate cancer.

• Lifestyle changes: Eating a healthy diet.
• Staying active.
• Avoiding smoking.

• Family planning discussions: Since this mutation can be passed to
your children, talking with a genetic counselor about family planning
options is helpful.

• Consider surgery: In some cases, to prevent cancer, doctors might
suggest surgery to remove certain parts of the body that are at high
risk of developing cancer. This is a personal decision and requires a
detailed discussion with your health care team.

• Stay informed: New recommendations and treatments can become
available. Keep in regular contact with your health care team.

A genetic counselor can provide personalized information based on your
specific situation and help you understand your options for prevention and
early detection. It’s important to discuss the best plan for you with your
health care provider or genetic counselor.

Remember, these are general recommendations, and the best approach for
you should be discussed with your health care provider. If you need help

scheduling an appointment with a genetic counselor at the MUSCb Hollings
Cancer Center Hereditary Cancer Clinic, you can visit their website or
call 843-792-0745 for more personalized support.
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LLM responseQuestion

Staying informed about the latest treatments and science related to your
MLH1 mutation is a great way to actively participate in your health care.
Here are some ways to keep updated:
• Follow reputable sources: Websites of major cancer centers, genetic

organizations, and health institutions often share updates about new
research and treatments. Some reliable sources include the National
Cancer Institute, American Cancer Society, and the Genetic Alliance.

• Attend appointments: Regular check-ins with your health care team,
including your genetic counselor, can keep you informed on any new
recommendations or treatments relevant to your situation.

• Join support groups: There are support groups and communities for
individuals with hereditary cancer risk. These can be great places to
share information and experiences.

• Subscribe to newsletters: Many organizations offer newsletters that
summarize the latest research and developments in cancer treatment
and genetics.

• Educational events: Workshops, webinars, and conferences designed
for patients and families can provide valuable information and up-
dates.

• Ask questions: Whenever you have an appointment with your health
care provider or genetic counselor, ask if there are any new findings
or treatments relevant to your mutation.

Remember, while it’s great to stay informed, always discuss any informa-
tion or potential treatments you come across with your health care provider
before making any changes to your health care plan. They can help interpret
how new information may apply to your specific situation.

If you’re looking for specific resources or have more questions, feel free
to ask.

How can I stay up to date on the latest treatments and science about my
pathogenic variant?

aLLM: large language model.
bMUSC: Medical University of South Carolina.

Prompt Engineering Evaluation
The expert ratings of chatbot responses are provided in Table
3. Overall, the chatbot received an average score of 3.86 (SD
0.89) across all criteria and cases. The ability to express
information (tone) and ease of interface (usability) received the

highest scores (4.25, SD 0.68 and 4.25, SD 0.58, respectively).
Boundary was rated as 4.0 (SD 0.73) followed by efficiency
(3.88, SD 1.09). Clarity and robustness received scores of 3.81
(SD 1.05) and 3.81 (SD 0.66), respectively, followed by domain
accuracy (3.63, SD 0.96). The lowest-rated domain was program
accuracy (3.25, SD 1.39).
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Table . Expert ratings for each case and combined.

CombinedCase 2: JoshCase 1: AnnaQuality
definition

Quality

RangeMean (SD)Median
(IQR)

RangeMean (SD)Median
(IQR)

RangeMean (SD)Median
(IQR)

3‐54.25 (0.68)4 (4-5)3‐54.25 (0.71)4 (4-5)3‐54.25 (0.71)4 (4-5)Ability of
chatbot to

Tone

express in-
formation
in a way
that is ap-
propriate
for the type
of informa-
tion being
delivered

2‐53.81 (1.05)4 (3-5)2‐53.75 (1.0)4 (3-4.5)2‐53.88 (1.1)4 (3-5)Ability of
chatbot to

Clarity

communi-
cate infor-
mation
clearly and
in a way
that avoids
ambiguity
or confu-
sion

1‐53.25 (1.39)3.5 (2.5-4)1‐53.25 (1.28)3.5 (2.5-4)1‐53.25 (1.58)3.5 (2-4.5)Ability of
chatbot to

Program
accuracy

provide
correct in-
formation
about the
In Our
DNA SC
program

1‐53.63 (0.96)4 (3.5-4)1‐43.38 (1.06)4 (3-4)2‐53.88 (0.83)4 (4-4)Ability of
chatbot to

Domain ac-
curacy

provide
correct in-
formation
about the
genetic test
results and
care impli-
cations

3‐53.81 (0.66)4 (3-4)3‐53.88 (0.64)4 (3.5-4)3‐53.75 (0.71)4 (3-4)Ability to
handle am-

Robustness

biguous
queries or
incomplete
information

2‐53.88 (1.09)3.5 (3-5)2‐53.75 (1.16)3.5 (3-5)3‐54 (1.07)4 (3-5)Ability to
provide an-

Efficiency

swers that
are direct,
concise,
and com-
plete
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CombinedCase 2: JoshCase 1: AnnaQuality
definition

Quality

RangeMean (SD)Median
(IQR)

RangeMean (SD)Median
(IQR)

RangeMean (SD)Median
(IQR)

3‐54 (0.73)4 (3.5-4.5)3‐54 (0.76)4 (3.5-4.5)3‐54 (0.76)4 (3.5-4.5)Ability to
avoid an-
swering
questions
that are un-
related to
the topic

Boundaries

3‐54.25 (0.58)4 (4-5)3‐54.13 (0.64)4 (4-4.5)4‐54.38 (0.52)4 (4-5)Ease of in-
terfacing
with the
chatbot

Usability

1‐53.86 (0.89)3.88 (3-5)1‐53.88 (0.91)3.80 (3-4)1‐53.94 (0.92)3.92 (3-5)—aAverage
scores

aNot applicable.

We provided the 2 case scenarios, the test questions, and
answers the chatbot had provided to those questions and were
asked to rate the quality of the chatbot responses based on the
designated criteria listed in Table 1. The experts independently
evaluated, scored, and submitted their scores to the team. The
2 scenarios were selected to represent 2 common patient profiles
that differed in age, race, gender, and background. The
evaluators were aware that the responses were generated by an
LLM. Eight experts completed the evaluation of the LLM output
for the 2 hypothetical scenarios (Konstantinos N. Lazaridis,
Libby Malphrus, Samantha Norman, Ravi Sharaf, JS, HS, Sarah
English, and Anne Madeo). Experts included: 2
clinician-researchers with expertise in genomics, one genetic
counselor, 3 program managers working with genomic screening
programs, and 2 PhD-trained researchers with expertise in
genomics. Experts were recruited based on their domain-specific
knowledge and experience to provide a comprehensive
evaluation of the chatbot. Descriptive statistics were calculated,
including median and mean scores for each evaluation criterion.

Discussion

Principal Findings
We completed prompt engineering and intrinsic evaluation of
the LLM component of a chatbot designed to facilitate the return
of positive PGS results. Through the RAG technique, we
successfully developed a prompt tailored for this application.
Eight experts performed an intrinsic evaluation, which assessed
the chatbot’s responses to 14 questions across 8 distinct domains
in 2 hypothetical case scenarios. The chatbot achieved an overall
average score of 3.88 across all domains, with the highest ratings
in the tone domain and the lowest in program accuracy. These
findings will inform further refinement of the prompt and
integration of the LLM with the existing rule-based system,
ultimately leading to the development of a hybrid chatbot to
support the return of genomic screening results. As indicated
by the range of scores, there was some disagreement among
raters regarding the chatbot’s performance.

Comparison to Prior Work
Prior studies have indicated that individuals are favorable toward
the use of chatbots for patient follow-up and genetic test results
disclosure, with a preference to include open-ended response
options [8]. However, to date, few chatbots have incorporated
LLMs to answer open-ended responses to questions about
genetic testing in real time [8,19]. LLM responses must be
carefully engineered to ensure confidence in the accuracy and
reliability of responses, as well as the ability to handle
ambiguous questions [49]. Our prompt engineering process
resulted in a chatbot that performed well in the criteria of
boundaries (ability to avoid answering questions that are
unrelated to the topic), domain accuracy (ability of chatbot to
provide correct information about the genetic test result and
care implications), and robustness (ability to handle ambiguous
queries or incomplete information). Another project focused on
generative AI solutions for personalized pharmacogenomics
recently identified similar trends. Prior research indicated found
that the accuracy (the degree to which the responses align with
guidelines) of their chatbot was rated at the 75th percentile and
relevance (similar to our criteria of boundaries) was rated at the
78th percentile for patient-facing responses delivered by their
chatbot [50]. These significant differences in performance
metrics for these domains across responses provided by
ChatGPT 3.5 and their pharmacogenomics-specific AI assistant
(71st percentile vs 75th percentile for accuracy and 68th
percentile vs 78th percentile for relevancy) indicate the value
in prompt engineering for specific use cases. Challenges exist
in ensuring domain accuracy and boundaries, such as limitations
in LLM’s context retrieval and ability to process specialized
biomedical and genomic data [51,52].

The combination of high domain accuracy and boundaries is
essential for managing sensitive health information and mitigates
concerns about chatbots offering misinformation and medical
advice beyond the scope of the chatbot. As the LLM is further
refined, it will be important to document all steps of the prompt
engineering and be clear and transparent about the prompt
engineering process used to develop the model in order to instill
trust in the quality of responses and reduce the risk of
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misinformation [49]. It will also be critical to involve patient
stakeholders in the future evaluation process. Other approaches
to prompt development and evaluation include the involvement
of experts (genetic counselors, oncologists) to help identify
unintentional sources of bias and decide on high-quality data
sources that can be used to train the model [53]. Furthermore,
given that the evaluation process included only a limited set of
test questions, the inclusion of a more comprehensive question
set could provide additional insight into the chatbot’s
performance and ensure its ability to manage a greater set of
user interactions. For example, our testing included 14 questions,
whereas other projects have included over 30 questions [50].
In particular, future studies should incorporate adversarial
examples in both engineering and testing, especially to more
comprehensively test the model accuracy and boundaries [53].

In addition to domain accuracy and boundaries, it is critical to
ensure open-ended, LLM-generated responses are delivered in
a tone that instills trust and engagement with the individual.
Expert ratings indicated that the chatbot had good quality tone
(ability to express information in a way that is appropriate for
the type of information being delivered), usability (ease of
interfacing with the chatbot), efficiency (ability to answer in a
way that is direct, concise, and complete), and clarity (ability
to communicate information clearly and in a way that avoids
confusion) in both case scenarios. Prior research assessed a
similar domain of language and bias (clarity and neutrality of
responses, ensuring the context is understandable and devoid
of bias), which was rated highly (87th percentile) [50].

Lessons Learned
Our prompt engineering approach incorporated multiple
techniques to develop an LLM chatbot that was well-rated across
several quality domains. Several valuable lessons were learned.
We used RAG as our approach to prompt development, but
other techniques such as few-shot, supervised fine-tuning, and
reinforcement learning from human feedback could be used to
further adjust the model’s responses [45]. In addition, we focus
on a use case of returning positive results for PGS, as PGS
results return is among the least complex types of results being
disclosed and could benefit from incorporating automation.
Limitations of the project include our small sample size for the
intrinsic evaluation of the chatbot responses and the lack of
patients reviewing the responses. The reviewers are subject to
bias when considering the perspective of the hypothetical
scenarios which does limit the reliability of their scores.

Future Directions
At this phase of the project, our goal was to develop the initial
prompt and assess the feasibility of the prompt to respond to
questions about the return of results. Thus, we did not include
patients but will include patient perspectives and ratings of the
quality of responses in future refinement of the LLM. Patients
may identify areas for improvement that are not apparent to
expert reviewers. Further, we only evaluate the script produced
by the LLM component of the chatbot across 2 use cases.
Additional use cases should be assessed (eg, other genes) to
identify whether one prompt can be used or whether multiple
prompts need to be developed for specific open-ended
components of a hybrid chatbot. Finally, our assessment is only

focused on the LLM component of the chatbot. Our future work
will integrate the LLM component with the rule-based script,
allowing us to assess different hybrid approaches. For example,
we could address whether open-response options should be
available as part of each component of the chatbot, which may
require specific prompts for each component, or whether the
open-response LLM component is generic.

While the final prompt delivered relatively high-quality
responses in an appropriate tone, it is important to note that we
did not assess perceptions of the quality of delivery among
patients. Many chatbots have been designed to support mental
health and behavior change modifications and are explicitly
focused on building relationships and natural language
experience for genomics-focused chatbots, and this is an
important aspect of communication that will need to be
evaluated before implementing a similar chatbot [54,55].
Furthermore, we tested the responses for hypothetical scenarios
returning Lynch syndrome pathogenic variant (MLH1) and
hereditary breast and ovarian cancer syndrome (BRCA) results.
There may be a need to further refine and test response quality
and tone across specific genes, as each has unique implications
and may require distinct prompts. User testing among patients
will also help address potential adaptations needed to ensure
culturally appropriate responses [56].

Our long-term goal is to incorporate the LLM component of
the chatbot described here with an existing rule-based chatbot
called Genetic Risk Assessment for Cancer Education. This
hybrid approach could be ideal for the return of positive PGS
results, as it integrates scripted content that is critical for results
disclosure with patient preference for open-ended response
options. The combined approach can address the limitations of
purely rule-based or purely LLM-driven systems to combine
consistency and accuracy with conversational fluidity and
content comprehensiveness. Some information may be more
suitable for rule-based or scripted content. For example, in our
intrinsic evaluation, the LLM chatbot received poor scores for
program accuracy (ability of chatbot to provide correct
information about the genomic screening program). The program
accuracy referred to the ability of the chatbot to provide factually
correct information about the specific program that patients
were engaged in through this testing process. Although provided
materials about the specific program were included as part of
prompt engineering, experts rated this lowest among the domains
they evaluated. This may indicate that additional contextual
knowledge is required to sufficiently explain the complexities
of individual programs. This type of information does not
require personalization and may be most suited for prescripted,
educational content, whereas the LLM components are most
suitable for complex and open-ended questions and more
nuanced interactions [49]. This additional personalization may
make education more accessible and streamlined for patients
seeking genetic care, potentially increasing their participation.
As a result, improving the program accuracy score is an
important future research topic.

One hybrid approach could incorporate a scripted component
that provides a predetermined set of information, followed by
an LLM component that is engineered specifically to support
open-ended questions about a certain domain (Multimedia
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Appendix 3). This may include key domains of: overview of
the PGS program, returning positive results, screening
recommendations, impact on family, and next steps.

Another hybrid approach could vary when the LLM or
rule-based components are used throughout the chatbot. For
example, the return of results process involves 3 main stages:
engagement, activation, and addressing information needs. In
the engagement stage, the rule-based component of the chatbot
would provide an overview of the PGS program, inform the
individual of their positive results, and educate the individual
about what this means for their long-term care. The activation
phase could also use rule-based content and guide individuals
through a core set of scripted information to encourage the next
steps. In the subsequent open-ended content, participants’
information needs could be addressed by allowing them to ask
additional questions about topics they choose, which could be
answered through the LLM. This hybrid approach has benefits
and drawbacks [57]. While the increased efficiency of resources
and centralized communication are benefits of implementing
the technology, the technology can introduce new types of
errors, have biases of their own, and be perceived as less
personable.

Conclusions
This project demonstrated the initial feasibility of prompt
engineering for the LLM component of a chatbot designed to
return positive genomic screening results, with high expert
ratings across most of the evaluation criteria. These preliminary
findings will be used to further develop a hybrid chatbot that
integrates the rule-based and LLM components to enhance the
delivery of results by providing essential information with the
flexibility of managing a range of patient queries. This increased
efficiency has the potential to save health care systems financial
and time resources. Additionally, hybrid AI tools such as these
offer the potential to support patients’ decision-making and
improve their education and health behaviors. Further
refinements of the prompt are needed, as well as broad
user-testing that involves individuals with various genomic
conditions and cultural preferences, and testing of the best
integration of LLM and rule-based components of the chatbot.
This new approach to conveying positive genetic screening
results has promise and can help address the limitations of the
current genomic workforce that would be needed for the return
of all positive results in a population genomic screening context.

 

Acknowledgments
This study was supported by the National Cancer Institute (grant U24CA274582).

Data Availability
All data generated or analyzed in this study are presented in the main manuscript.

Authors' Contributions
EC contributed to methodology, formal analysis, original draft writing, and project administration. GDF was responsible for
conceptualization, supervision, review and editing of the manuscript, and funding acquisition. KAK contributed to conceptualization,
methodology, supervision, and review and editing. EB, JS, HS, and AM contributed to review and editing. CGA was involved
in conceptualization, supervision, investigation, original draft writing, and funding acquisition.

Conflicts of Interest
HS received consulting income from Illumina, Inc, unrelated to this work.

Multimedia Appendix 1
Training and test questions.
[DOCX File, 21 KB - cancer_v11i1e65848_app1.docx ]

Multimedia Appendix 2
Prompt content.
[DOCX File, 7 KB - cancer_v11i1e65848_app2.docx ]

Multimedia Appendix 3
Description of PGS chat content. PGS: population-wide genomic screening.
[DOCX File, 15 KB - cancer_v11i1e65848_app3.docx ]

References
1. Foss KS, O’Daniel JM, Berg JS, et al. The rise of population genomic screening: characteristics of current programs and

the need for evidence regarding optimal implementation. J Pers Med 2022 Apr 26;12(5):692. [doi: 10.3390/jpm12050692]
[Medline: 35629115]

JMIR Cancer 2025 | vol. 11 | e65848 | p.181https://cancer.jmir.org/2025/1/e65848
(page number not for citation purposes)

Coen et alJMIR CANCER

XSL•FO
RenderX

https://jmir.org/api/download?alt_name=cancer_v11i1e65848_app1.docx&filename=9cfde941-461c-11f0-9cd4-3580bcd280d7.docx
https://jmir.org/api/download?alt_name=cancer_v11i1e65848_app1.docx&filename=9cfde941-461c-11f0-9cd4-3580bcd280d7.docx
https://jmir.org/api/download?alt_name=cancer_v11i1e65848_app2.docx&filename=9d0feaa1-461c-11f0-9cd4-3580bcd280d7.docx
https://jmir.org/api/download?alt_name=cancer_v11i1e65848_app2.docx&filename=9d0feaa1-461c-11f0-9cd4-3580bcd280d7.docx
https://jmir.org/api/download?alt_name=cancer_v11i1e65848_app3.docx&filename=9d2128b1-461c-11f0-9cd4-3580bcd280d7.docx
https://jmir.org/api/download?alt_name=cancer_v11i1e65848_app3.docx&filename=9d2128b1-461c-11f0-9cd4-3580bcd280d7.docx
http://dx.doi.org/10.3390/jpm12050692
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35629115&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


2. Murray MF, Giovanni MA, Doyle DL, et al. DNA-based screening and population health: a points to consider statement
for programs and sponsoring organizations from the American College of Medical Genetics and Genomics (ACMG). Genet
Med 2021 Jun;23(6):989-995. [doi: 10.1038/s41436-020-01082-w] [Medline: 33727704]

3. Khoury MJ, Dotson WD. From genes to public health: are we ready for DNA-based population screening? Genet Med
2021 Jun;23(6):996-998. [doi: 10.1038/s41436-021-01141-w] [Medline: 33790422]

4. Hoskovec JM, Bennett RL, Carey ME, et al. Projecting the supply and demand for certified genetic counselors: a workforce
study. J Genet Couns 2018 Feb;27(1):16-20. [doi: 10.1007/s10897-017-0158-8] [Medline: 29052810]

5. Attard CA, Carmany EP, Trepanier AM. Genetic counselor workflow study: the times are they a-changin’? J Genet Couns
2019 Feb;28(1):130-140. [doi: 10.1002/jgc4.1041] [Medline: 30629774]

6. Maiese DR, Keehn A, Lyon M, Flannery D, Watson M, Working Groups of the National Coordinating Center for Seven
Regional Genetics Service Collaboratives. Current conditions in medical genetics practice. Genet Med 2019
Aug;21(8):1874-1877. [doi: 10.1038/s41436-018-0417-6] [Medline: 30686822]

7. Siglen E, Vetti HH, Lunde ABF, et al. Ask Rosa—the making of a digital genetic conversation tool, a chatbot, about
hereditary breast and ovarian cancer. Patient Educ Couns 2022 Jun;105(6):1488-1494. [doi: 10.1016/j.pec.2021.09.027]
[Medline: 34649750]

8. Schmidlen T, Schwartz M, DiLoreto K, Kirchner HL, Sturm AC. Patient assessment of chatbots for the scalable delivery
of genetic counseling. J Genet Couns 2019 Dec;28(6):1166-1177. [doi: 10.1002/jgc4.1169] [Medline: 31549758]

9. Schmidlen T, Jones CL, Campbell-Salome G, McCormick CZ, Vanenkevort E, Sturm AC. Use of a chatbot to increase
uptake of cascade genetic testing. J Genet Couns 2022 Oct;31(5):1219-1230. [doi: 10.1002/jgc4.1592] [Medline: 35616645]

10. Chaix B, Bibault JE, Pienkowski A, et al. When chatbots meet patients: one-year prospective study of conversations between
patients with breast cancer and a chatbot. JMIR Cancer 2019 May 2;5(1):e12856. [doi: 10.2196/12856] [Medline: 31045505]

11. Suther S, Kiros GE. Barriers to the use of genetic testing: a study of racial and ethnic disparities. Genet Med 2009
Sep;11(9):655-662. [doi: 10.1097/GIM.0b013e3181ab22aa] [Medline: 19752639]

12. Hall MJ, Olopade OI. Disparities in genetic testing: thinking outside the BRCA box. J Clin Oncol 2006 May
10;24(14):2197-2203. [doi: 10.1200/JCO.2006.05.5889] [Medline: 16682739]

13. Jones T, McCarthy AM, Kim Y, Armstrong K. Predictors of BRCA1/2 genetic testing among Black women with breast
cancer: a population-based study. Cancer Med 2017 Jul;6(7):1787-1798. [doi: 10.1002/cam4.1120] [Medline: 28627138]

14. Reiter PL, Katz ML. Racial/ethnic differences in knowledge, attitudes, and beliefs about COVID-19 among adults in the
United States. Front Public Health 2021;9:653498. [doi: 10.3389/fpubh.2021.653498] [Medline: 34046389]

15. Nadarzynski T, Knights N, Husbands D, et al. Achieving health equity through conversational AI: a roadmap for design
and implementation of inclusive chatbots in healthcare. PLOS Digital Health 2024 May;3(5):e0000492. [doi:
10.1371/journal.pdig.0000492] [Medline: 38696359]

16. Heald B, Keel E, Marquard J, et al. Using chatbots to screen for heritable cancer syndromes in patients undergoing routine
colonoscopy. J Med Genet 2021 Dec;58(12):807-814. [doi: 10.1136/jmedgenet-2020-107294] [Medline: 33168571]

17. Ponathil A, Ozkan F, Welch B, Bertrand J, Chalil Madathil K. Family health history collected by virtual conversational
agents: an empirical study to investigate the efficacy of this approach. J Genet Couns 2020 Dec;29(6):1081-1092. [doi:
10.1002/jgc4.1239] [Medline: 32125052]

18. Ireland D, Bradford D, Szepe E, et al. Introducing Edna: a trainee chatbot designed to support communication about
additional (secondary) genomic findings. Patient Educ Couns 2021 Apr;104(4):739-749. [doi: 10.1016/j.pec.2020.11.007]
[Medline: 33234441]

19. Chavez-Yenter D, Kimball KE, Kohlmann W, et al. Patient interactions with an automated conversational agent delivering
pretest genetics education: descriptive study. J Med Internet Res 2021 Nov 18;23(11):e29447. [doi: 10.2196/29447] [Medline:
34792472]

20. Kaphingst KA, Kohlmann WK, Lorenz Chambers R, et al. Uptake of Cancer Genetic Services for Chatbot vs Standard-of-Care
Delivery Models: The BRIDGE Randomized Clinical Trial. JAMA network open 2024 Sep 3;7(9):e2432143. [doi:
10.1001/jamanetworkopen.2024.32143] [Medline: 39250153]

21. Milne-Ives M, de Cock C, Lim E, et al. The effectiveness of artificial intelligence conversational agents in health care:
systematic review. J Med Internet Res 2020 Oct 22;22(10):e20346. [doi: 10.2196/20346] [Medline: 33090118]

22. Tudor Car L, Dhinagaran DA, Kyaw BM, et al. Conversational agents in health care: scoping review and conceptual analysis.
J Med Internet Res 2020 Aug 7;22(8):e17158. [doi: 10.2196/17158] [Medline: 32763886]

23. Inkster B, Sarda S, Subramanian V. An empathy-driven, conversational artificial intelligence agent (Wysa) for digital
mental well-being: real-world data evaluation mixed-methods study. JMIR Mhealth Uhealth 2018 Nov 23;6(11):e12106.
[doi: 10.2196/12106] [Medline: 30470676]

24. Fitzpatrick KK, Darcy A, Vierhile M. Delivering cognitive behavior therapy to young adults with symptoms of depression
and anxiety using a fully automated conversational agent (Woebot): a randomized controlled trial. JMIR Ment Health 2017
Jun 6;4(2):e19. [doi: 10.2196/mental.7785] [Medline: 28588005]

25. Fulmer R, Joerin A, Gentile B, Lakerink L, Rauws M. Using psychological artificial intelligence (Tess) to relieve symptoms
of depression and anxiety: randomized controlled trial. JMIR Ment Health 2018 Dec 13;5(4):e64. [doi: 10.2196/mental.9782]
[Medline: 30545815]

JMIR Cancer 2025 | vol. 11 | e65848 | p.182https://cancer.jmir.org/2025/1/e65848
(page number not for citation purposes)

Coen et alJMIR CANCER

XSL•FO
RenderX

http://dx.doi.org/10.1038/s41436-020-01082-w
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33727704&dopt=Abstract
http://dx.doi.org/10.1038/s41436-021-01141-w
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33790422&dopt=Abstract
http://dx.doi.org/10.1007/s10897-017-0158-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29052810&dopt=Abstract
http://dx.doi.org/10.1002/jgc4.1041
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30629774&dopt=Abstract
http://dx.doi.org/10.1038/s41436-018-0417-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30686822&dopt=Abstract
http://dx.doi.org/10.1016/j.pec.2021.09.027
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34649750&dopt=Abstract
http://dx.doi.org/10.1002/jgc4.1169
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31549758&dopt=Abstract
http://dx.doi.org/10.1002/jgc4.1592
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35616645&dopt=Abstract
http://dx.doi.org/10.2196/12856
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31045505&dopt=Abstract
http://dx.doi.org/10.1097/GIM.0b013e3181ab22aa
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19752639&dopt=Abstract
http://dx.doi.org/10.1200/JCO.2006.05.5889
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16682739&dopt=Abstract
http://dx.doi.org/10.1002/cam4.1120
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28627138&dopt=Abstract
http://dx.doi.org/10.3389/fpubh.2021.653498
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34046389&dopt=Abstract
http://dx.doi.org/10.1371/journal.pdig.0000492
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38696359&dopt=Abstract
http://dx.doi.org/10.1136/jmedgenet-2020-107294
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33168571&dopt=Abstract
http://dx.doi.org/10.1002/jgc4.1239
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32125052&dopt=Abstract
http://dx.doi.org/10.1016/j.pec.2020.11.007
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33234441&dopt=Abstract
http://dx.doi.org/10.2196/29447
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34792472&dopt=Abstract
http://dx.doi.org/10.1001/jamanetworkopen.2024.32143
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39250153&dopt=Abstract
http://dx.doi.org/10.2196/20346
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33090118&dopt=Abstract
http://dx.doi.org/10.2196/17158
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32763886&dopt=Abstract
http://dx.doi.org/10.2196/12106
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30470676&dopt=Abstract
http://dx.doi.org/10.2196/mental.7785
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28588005&dopt=Abstract
http://dx.doi.org/10.2196/mental.9782
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30545815&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


26. Harper R, Nicholl PN, McTear MF, Wallace JG, Black LA, Kearney PM. Automated phone capture of diabetes patients
readings with consultant monitoring via the web. Presented at: 2008 15th Annual IEEE International Conference on
Engineering of Computer Based Systems (ECBS); Mar 31 to Apr 4, 2008; Belfast, Northern Ireland. [doi:
10.1109/ECBS.2008.31]

27. Levin E, Levin A. Evaluation of spoken dialogue technology for real-time health data collection. J Med Internet Res 2006
Dec 11;8(4):e30. [doi: 10.2196/jmir.8.4.e30] [Medline: 17213048]

28. Rhee H, Allen J, Mammen J, Swift M. Mobile phone-based asthma self-management aid for adolescents (mASMAA): a
feasibility study. Patient Prefer Adherence 2014;8:63-72. [doi: 10.2147/PPA.S53504] [Medline: 24470755]

29. Wang A, Qian Z, Briggs L, Cole AP, Reis LO, Trinh QD. The use of chatbots in oncological care: a narrative review. Int
J Gen Med 2023;16:1591-1602. [doi: 10.2147/IJGM.S408208] [Medline: 37152273]

30. Steitz BD, Turer RW, Lin CT, et al. Perspectives of patients about immediate access to test results through an online patient
portal. JAMA Netw Open 2023 Mar 1;6(3):e233572. [doi: 10.1001/jamanetworkopen.2023.3572] [Medline: 36939703]

31. LaRocque JR, Davis CL, Tan TP, D’Amico FJ, Merenstein DJ. Patient preferences for receiving reports of test results. J
Am Board Fam Med 2015 Nov 1;28(6):759-766. [doi: 10.3122/jabfm.2015.06.150030]

32. Shultz SK, Wu R, Matelski JJ, Lu X, Cram P. Patient preferences for test result notification. J Gen Intern Med 2015
Nov;30(11):1651-1656. [doi: 10.1007/s11606-015-3344-0] [Medline: 25944020]

33. Leekha S, Thomas KG, Chaudhry R, Thomas MR. Patient preferences for and satisfaction with methods of communicating
test results in a primary care practice. Jt Comm J Qual Patient Saf 2009 Oct;35(10):497-501. [doi:
10.1016/s1553-7250(09)35068-0] [Medline: 19886088]

34. Grimes GC, Reis MD, Budati G, Gupta M, Forjuoh SN. Patient preferences and physician practices for laboratory test
results notification. J Am Board Fam Med 2009;22(6):670-676. [doi: 10.3122/jabfm.2009.06.090078] [Medline: 19897696]

35. Bibault JE, Chaix B, Guillemassé A, et al. A chatbot versus physicians to provide information for patients with breast
cancer: blind, randomized controlled noninferiority trial. J Med Internet Res 2019 Nov 27;21(11):e15787. [doi:
10.2196/15787] [Medline: 31774408]

36. Ormond KE, Hallquist MLG, Buchanan AH, et al. Developing a conceptual, reproducible, rubric-based approach to consent
and result disclosure for genetic testing by clinicians with minimal genetics background. Genet Med 2019 Mar;21(3):727-735.
[doi: 10.1038/s41436-018-0093-6] [Medline: 29976988]

37. Faucett WA, Peay H, Coughlin CR. Genetic testing: consent and result disclosure for primary care providers. Med Clin
North Am 2019 Nov;103(6):967-976. [doi: 10.1016/j.mcna.2019.07.001] [Medline: 31582007]

38. Lozano A, Fleming SL, Chiang CC, Shah N. Clinfo.ai: an open-source retrieval-augmented large language model system
for answering medical questions using scientific literature. Pac Symp Biocomput 2024;29:8-23. [Medline: 38160266]

39. Zakka C, Shad R, Chaurasia A, et al. Almanac—retrieval-augmented language models for clinical medicine. NEJM AI
2024 Feb;1(2). [doi: 10.1056/aioa2300068] [Medline: 38343631]

40. Sacoransky E, Kwan BYM, Soboleski D. ChatGPT and assistive AI in structured radiology reporting: a systematic review.
Curr Probl Diagn Radiol 2024;53(6):728-737. [doi: 10.1067/j.cpradiol.2024.07.007] [Medline: 39004580]

41. Ray PP. Timely need for navigating the potential and downsides of LLMs in healthcare and biomedicine. Brief Bioinform
2024 Mar 27;25(3):bbae214. [doi: 10.1093/bib/bbae214] [Medline: 38725154]

42. Uppalapati VK, Nag DS. A comparative analysis of AI models in complex medical decision-making scenarios: evaluating
ChatGPT, Claude AI, Bard, and Perplexity. Cureus 2024 Jan;16(1):e52485. [doi: 10.7759/cureus.52485] [Medline: 38371109]

43. Lahat A, Sharif K, Zoabi N, et al. Assessing generative pretrained transformers (GPT) in clinical decision-making:
comparative analysis of GPT-3.5 and GPT-4. J Med Internet Res 2024 Jun 27;26:e54571. [doi: 10.2196/54571] [Medline:
38935937]

44. Taloni A, Borselli M, Scarsi V, et al. Comparative performance of humans versus GPT-4.0 and GPT-3.5 in the self-assessment
program of American Academy of Ophthalmology. Sci Rep 2023 Oct 29;13(1):18562. [doi: 10.1038/s41598-023-45837-2]
[Medline: 37899405]

45. Giuffrè M, Kresevic S, Pugliese N, You K, Shung DL. Optimizing large language models in digestive disease: strategies
and challenges to improve clinical outcomes. Liver Int 2024 Sep;44(9):2114-2124. [doi: 10.1111/liv.15974] [Medline:
38819632]

46. Zhou Q, Liu C, Duan Y, et al. GastroBot: a Chinese gastrointestinal disease chatbot based on the retrieval-augmented
generation. Front Med 2024;11:1392555. [doi: 10.3389/fmed.2024.1392555]

47. McGrath SP, Kozel BA, Gracefo S, Sutherland N, Danford CJ, Walton N. A comparative evaluation of ChatGPT 3.5 and
ChatGPT 4 in responses to selected genetics questions. J Am Med Inform Assoc 2024 Oct 1;31(10):2271-2283. [doi:
10.1093/jamia/ocae128] [Medline: 38872284]

48. Denecke K, Abd-Alrazaq A, Househ M, Warren J. Evaluation metrics for health chatbots: a Delphi study. Methods Inf
Med 2021 Dec;60(5-06):171-179. [doi: 10.1055/s-0041-1736664] [Medline: 34719011]

49. Sorin V, Barash Y, Konen E, Klang E. Large language models for oncological applications. J Cancer Res Clin Oncol 2023
Sep;149(11):9505-9508. [doi: 10.1007/s00432-023-04824-w] [Medline: 37160626]

50. Murugan M, Yuan B, Venner E, et al. Empowering personalized pharmacogenomics with generative AI solutions. J Am
Med Inform Assoc 2024 May 20;31(6):1356-1366. [doi: 10.1093/jamia/ocae039] [Medline: 38447590]

JMIR Cancer 2025 | vol. 11 | e65848 | p.183https://cancer.jmir.org/2025/1/e65848
(page number not for citation purposes)

Coen et alJMIR CANCER

XSL•FO
RenderX

http://dx.doi.org/10.1109/ECBS.2008.31
http://dx.doi.org/10.2196/jmir.8.4.e30
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17213048&dopt=Abstract
http://dx.doi.org/10.2147/PPA.S53504
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24470755&dopt=Abstract
http://dx.doi.org/10.2147/IJGM.S408208
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37152273&dopt=Abstract
http://dx.doi.org/10.1001/jamanetworkopen.2023.3572
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36939703&dopt=Abstract
http://dx.doi.org/10.3122/jabfm.2015.06.150030
http://dx.doi.org/10.1007/s11606-015-3344-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25944020&dopt=Abstract
http://dx.doi.org/10.1016/s1553-7250(09)35068-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19886088&dopt=Abstract
http://dx.doi.org/10.3122/jabfm.2009.06.090078
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19897696&dopt=Abstract
http://dx.doi.org/10.2196/15787
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31774408&dopt=Abstract
http://dx.doi.org/10.1038/s41436-018-0093-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29976988&dopt=Abstract
http://dx.doi.org/10.1016/j.mcna.2019.07.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31582007&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38160266&dopt=Abstract
http://dx.doi.org/10.1056/aioa2300068
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38343631&dopt=Abstract
http://dx.doi.org/10.1067/j.cpradiol.2024.07.007
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39004580&dopt=Abstract
http://dx.doi.org/10.1093/bib/bbae214
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38725154&dopt=Abstract
http://dx.doi.org/10.7759/cureus.52485
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38371109&dopt=Abstract
http://dx.doi.org/10.2196/54571
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38935937&dopt=Abstract
http://dx.doi.org/10.1038/s41598-023-45837-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37899405&dopt=Abstract
http://dx.doi.org/10.1111/liv.15974
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38819632&dopt=Abstract
http://dx.doi.org/10.3389/fmed.2024.1392555
http://dx.doi.org/10.1093/jamia/ocae128
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38872284&dopt=Abstract
http://dx.doi.org/10.1055/s-0041-1736664
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34719011&dopt=Abstract
http://dx.doi.org/10.1007/s00432-023-04824-w
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37160626&dopt=Abstract
http://dx.doi.org/10.1093/jamia/ocae039
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38447590&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


51. Jin Q, Yang Y, Chen Q, Lu Z. GeneGPT: augmenting large language models with domain tools for improved access to
biomedical information. Bioinformatics 2024 Feb 1;40(2):btae075. [doi: 10.1093/bioinformatics/btae075] [Medline:
38341654]

52. Mahbub M, Srinivasan S, Begoli E, Peterson GD. BioADAPT-MRC: adversarial learning-based domain adaptation improves
biomedical machine reading comprehension task. Bioinformatics 2022 Sep 15;38(18):4369-4379. [doi:
10.1093/bioinformatics/btac508] [Medline: 35876792]

53. Sorin V, Barash Y, Konen E, Klang E. Deep-learning natural language processing for oncological applications. Lancet
Oncol 2020 Dec;21(12):1553-1556. [doi: 10.1016/S1470-2045(20)30615-X] [Medline: 33271088]

54. Zhang J, Oh YJ, Lange P, Yu Z, Fukuoka Y. Artificial intelligence chatbot behavior change model for designing artificial
intelligence chatbots to promote physical activity and a healthy diet: viewpoint. J Med Internet Res 2020;22(9):e22845.
[doi: 10.2196/22845]

55. Wilson L, Marasoiu M. The development and use of chatbots in public health: scoping review. JMIR Hum Factors 2022
Oct 5;9(4):e35882. [doi: 10.2196/35882] [Medline: 36197708]

56. Hu G, Liu L, Xu D. On the responsible use of chatbots in bioinformatics. Genomics Proteomics Bioinf 2024 May
9;22(1):qzae002. [doi: 10.1093/gpbjnl/qzae002] [Medline: 38862428]

57. Kerdvibulvech C, Chang CC. A new study of integration between social robotic systems and the metaverse for dealing
with healthcare in the post-COVID-19 situations. In: Lecture Notes in Computer Science: Springer; 2022:392-401. [doi:
10.1007/978-3-031-24670-8_35]

Abbreviations
AI: artificial intelligence
BRIDGE: Broadening the Reach, Impact, and Delivery of Genetic Services
LLM: large language model
MUSC: Medical University of South Carolina
PGS: population-wide genomic screening
RAG: retrieval-augmented generation
REDCap: Research Electronic Data Capture

Edited by N Cahill; submitted 27.08.24; peer-reviewed by L Guo, T Siriborvornratanakul, Y Qiu; revised version received 17.03.25;
accepted 21.03.25; published 10.06.25.

Please cite as:
Coen E, Del Fiol G, Kaphingst KA, Borsato E, Shannon J, Smith H, Masino A, Allen CG
Chatbot for the Return of Positive Genetic Screening Results for Hereditary Cancer Syndromes: Prompt Engineering Project
JMIR Cancer 2025;11:e65848
URL: https://cancer.jmir.org/2025/1/e65848 
doi:10.2196/65848

© Emma Coen, Guilherme Del Fiol, Kimberly A Kaphingst, Emerson Borsato, Jackilen Shannon, Hadley Smith, Aaron Masino,
Caitlin G Allen. Originally published in JMIR Cancer (https://cancer.jmir.org), 10.6.2025. This is an open-access article distributed
under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits
unrestricted use, distribution, and reproduction in any medium, provided the original work, first published in JMIR Cancer, is
properly cited. The complete bibliographic information, a link to the original publication on https://cancer.jmir.org/, as well as
this copyright and license information must be included.

JMIR Cancer 2025 | vol. 11 | e65848 | p.184https://cancer.jmir.org/2025/1/e65848
(page number not for citation purposes)

Coen et alJMIR CANCER

XSL•FO
RenderX

http://dx.doi.org/10.1093/bioinformatics/btae075
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38341654&dopt=Abstract
http://dx.doi.org/10.1093/bioinformatics/btac508
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35876792&dopt=Abstract
http://dx.doi.org/10.1016/S1470-2045(20)30615-X
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33271088&dopt=Abstract
http://dx.doi.org/10.2196/22845
http://dx.doi.org/10.2196/35882
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36197708&dopt=Abstract
http://dx.doi.org/10.1093/gpbjnl/qzae002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38862428&dopt=Abstract
http://dx.doi.org/10.1007/978-3-031-24670-8_35
https://cancer.jmir.org/2025/1/e65848
http://dx.doi.org/10.2196/65848
http://www.w3.org/Style/XSL
http://www.renderx.com/


Leveraging Artificial Intelligence for Digital Symptom Management
in Oncology: The Development of CRCWeb

Darren Liu1,2,3*, MS; Yufen Lin2,4*, PhD; Runze Yan2,3, PhD; Zhiyuan Wang5, BE; Delgersuren Bold2,3, MS; Xiao

Hu2,3,6, PhD
1Department of Computer Science, Laney Graduate School, Emory University, Atlanta, GA, United States
2Nell Hodgson Woodruff School of Nursing, Emory University, 1520 Clifton Rd NE, Atlanta, GA, United States
3Center for Data Science, Emory University, Atlanta, GA, United States
4Winship Cancer Institute, Emory University, Atlanta, GA, United States
5Department of Systems and Information Engineering, University of Virginia, Charlottesville, VA, United States
6The Wallace H. Coulter Department of Biomedical Engineering, Georgia Institute of Technology, Atlanta, GA, United States
*these authors contributed equally

Corresponding Author:
Xiao Hu, PhD
Nell Hodgson Woodruff School of Nursing, Emory University, 1520 Clifton Rd NE, Atlanta, GA, United States

Abstract

Digital health interventions offer promise for scalable and accessible health care, but access is still limited by some participatory
challenges, especially for disadvantaged families facing limited health literacy, language barriers, low income, or living in
marginalized areas. These issues are particularly pronounced for patients with colorectal cancer (CRC), who often experience
distressing symptoms and struggle with educational materials due to complex jargon, fatigue, or reading level mismatches. To
address these issues, we developed and assessed the feasibility of a digital health platform, CRCWeb, to improve the accessibility
of educational resources on symptom management for disadvantaged patients with CRC and their caregivers facing limited health
literacy or low income. CRCWeb was developed through a stakeholder-centered participatory design approach. Two-phase
semistructured interviews with patients, caregivers, and oncology experts informed the iterative design process. From the interviews,
we developed the following 5 key design principles: user-friendly navigation, multimedia integration, concise and clear content,
enhanced accessibility for individuals with vision and reading disabilities, and scalability for future content expansion. Initial
feedback from iterative stakeholder engagements confirmed high user satisfaction, with participants rating CRCWeb an average
of 3.98 out of 5 on the postintervention survey. Additionally, using generative artificial intelligence tools, including large language
models like ChatGPT and multimedia generation tools such as Pictory, complex health care guidelines were transformed into
concise, easily comprehensible multimedia content, and made accessible through CRCWeb. User engagement was notably higher
among disadvantaged participants with limited health literacy or low income, who logged into the platform 2.52 times more
frequently than nondisadvantaged participants. The structured development approach of CRCWeb demonstrates that generative
artificial intelligence–powered multimedia interventions can effectively address health care accessibility barriers faced by
disadvantaged patients with CRC and caregivers with limited health literacy or low income. This structured approach highlights
how digital innovations can enhance health care.
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Introduction

Colorectal cancer (CRC) is the third most common cancer and
the second leading cause of cancer-related deaths in the United
States [1]. For patients with CRC, educational materials play a
critical role in understanding their diagnosis, exploring treatment
options, self-managing their side effects and symptoms, and

navigating posttreatment care, ultimately empowering them to
make informed decisions about their health [2-4]. However,
most of these materials are primarily text-based, which poses
significant accessibility challenges for disadvantaged
populations, such as individuals with low income or limited
health literacy [5].
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Caregivers, typically family members who provide emotional
and physical support, frequently experience similar distressing
symptoms, making it equally challenging for them to engage
with complex medical content [6,7]. For disadvantaged
populations with limited health literacy or low income, these
barriers are even more pronounced, which reduces their ability
to access and understand crucial health information [8]. Many
educational materials are only available in English, further
excluding non-English-speaking individuals from receiving
critical guidance on symptom management and supportive care
[9]. These factors combine to create a critical gap in the ability
of patients with CRC and their caregivers to effectively manage
symptoms and make informed decisions about their treatment,
highlighting the urgent need for more accessible solutions.

Recent advancements in generative artificial intelligence
(GenAI) offer a transformative solution to these challenges.
GenAI can convert traditional text-based educational materials
into multimedia formats at a fraction of the cost and time,
making it an efficient and scalable option [10,11]. In this work,
we introduce CRCWeb, a novel GenAI-driven digital health
mobile platform designed to provide accessible, tailored
symptom management resources to patients with CRC and their
caregivers. Powered by state-of-the-art GenAI models like
ChatGPT [12], CRCWeb transforms dense health care texts
into digestible multimedia formats, including videos and audio,
concise and easy-to-understand health knowledge, practical
activity prompts, and quizzes. This approach makes essential
health knowledge on symptom management and cancer care
more accessible to individuals with CRC facing low literacy
and other accessibility challenges [13]. By reducing the
cognitive load required to process health information, CRCWeb
empowers patients and caregivers with easy-to-understand
materials, improving their abilities to manage symptoms and
adhere to treatment plans and guidelines. Therefore, the purpose
of this viewpoint is to describe the development of CRCWeb,
which leverages GenAI for digital symptom management in
patients with CRC and their caregivers, and present preliminary
data to support its feasibility and potential to reduce barriers to
accessing health information and improve user engagement,
satisfaction, and symptom management.

Contextual Background

We used a stakeholder-centered participatory design approach
to develop CRCWeb at the Nell Hodgson Woodruff School of

Nursing, Emory University, Atlanta, Georgia, United States.
The motivation for this project was to develop and test a
symptom management tool tailored to the needs of
disadvantaged patients with cancer, particularly those with
limited health literacy or low income. The project was led by a
multidisciplinary research team with expertise in oncology,
nursing, AI, technology, psychology, behavioral science, and
clinical trial design. The development and evaluation of
CRCWeb took place between November 2022 and May 2025.

Designing CRCWeb

Overview
CRCWeb was developed through an iterative
stakeholder-centered participatory design approach [14,15]. We
conducted 2-phase, semistructured interviews using an interview
guide developed from the existing literature that included
open-ended questions and probes to elicit their specific needs,
challenges, and expectations for a technology-based intervention
tool for symptom management during chemotherapy treatment.
Each interview lasted between 30 and 45 minutes and was
conducted in either a private conference room at the clinic or
virtually via Zoom (Zoom Video Communications, Inc),
depending on the participant’s preference. All interviews were
audio-recorded and transcribed, and field notes were taken to
document nonverbal cues. Content analysis was used to analyze
the qualitative data through Dedoose (SocioCultural Research
Consultants) and was completed in 4 steps: data preparation,
writing memos, coding, and categorizing and connecting [16].

Semistructured Interviews: Phase 1
In Phase I, 11 patients with CRC, 8 caregivers, and 4 oncologists
were asked about their perspectives and suggestions for a
technology-based intervention to manage symptoms. We
gathered their feedback before the platform’s development. This
early involvement of key users allowed us to ensure that the
platform would be designed to address their specific needs,
challenges, and expectations from the outset. During the
interview, the participants were guided by the questions in Table
1. We started by discussing their needs for a technology-based
intervention tool during chemotherapy (Question 1) and their
experiences with existing technological tools for symptom
management (Question 2), allowing us to identify key gaps in
current digital solutions. Providers were also asked to offer
suggestions for the development of this tool (Question 3).
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Table . Two-phase semistructured interview questions designed for iterative stakeholder-centered participatory designa.

Examples of interview questionsPhase

1. Can you describe your need for a technology-based intervention tool
to manage symptoms during chemotherapy?

2. Have you used any technological tools for symptom management? If
so, which ones have you used, and what is your experience with them?

3. Do you have any suggestions on developing a technology-based inter-
vention program for patients and caregivers? What are they?

I

4. What are your likes and dislikes regarding the CRCWeb intervention
components (eg, family involvement, symptom management, and coping
strategies), delivery methods (eg, doses and intervals), and formats (eg,
video, audio, and evaluations)?

5. How easy or difficult was it for you to navigate and understand this
technology tool?

6. What challenges or barriers have you encountered when accessing
cancer care and symptom management?

7. In your opinion, how can we achieve health equity in cancer care?

8. What are the facilitators and challenges related to implementing a
technology-based intervention for patients and caregivers?

II

aQuestions 1 to 3 were used in phase I to collect participants’ needs for CRCWeb prior to development, while questions 4 to 8 were used in phase II to
iteratively gather feedback from participants to propose new designs and functionalities.

Semistructured Interviews: Phase 2
In Phase II, we expanded the participant pool beyond the original
23 from Phase I to include a more diverse group: 5 additional
patients and 5 caregivers, as well as a palliative care physician,
a nurse practitioner, and a clinical leader. These participants
were iteratively asked to provide feedback on CRCWeb’s
proposed content, including family involvement, symptom
management, and coping strategies, as well as the delivery
methods and formats (Question 4) and their user experiences
(Question 5). Additionally, the interviews addressed topics such
as barriers to accessing cancer care and symptom management
(Question 6), participants’ perspectives on achieving health
equity (Question 7), and the facilitators and challenges
associated with implementing the intervention (Question 8).
After each iteration, we proposed new designs and
functionalities based on participants’ feedback. Given that over
half of the participants that we interviewed came from
disadvantaged backgrounds with limited health literacy or low
income and were unfamiliar with technology, the iterative design
process allowed them to actively engage with CRCWeb during
its early development stages, ensuring that the approach aligned
with their needs and preferences. These participants provided
valuable insights into the specific needs that CRCWeb aimed
to address, particularly the need for improved accessibility to
health care resources and information.

Ethical Considerations

The study protocol (STUDY00004750) was approved by the
institutional review board at Emory University. Written consent
was obtained from participants. All participants were informed

of the voluntary nature of their participation and their right to
withdraw at any time without consequence. All research data
were anonymized to maintain confidentiality. Study materials
were securely stored and accessible only to authorized research
team members. Participants received up to $60 compensation
for their involvement. The study was conducted in accordance
with the US Common Rule (45 CFR 46).

Design Principles

The design principles outlined in Table 2 were identified from
our 2-phase semistructured interview transcripts using content
analysis. To reduce the learning curve of using a new app,
particularly for disadvantaged populations with limited health
literacy or low income, we applied design principle 1, ensuring
that CRCWeb includes intuitive and user-friendly navigation
features. To increase participant engagement, we implemented
design principle 2 to include multimedia components to enrich
the content [17,18]. Design principle 3 ensures that the learning
modules are concise, containing only essential information.
This design principle minimizes learning time and makes the
content easier for disadvantaged individuals with limited health
literacy to comprehend. To assist individuals with vision
impairments and reading disabilities, we designed the vision
principle, optimizing CRCWeb to enhance accessibility for
these users. Design principle 5 was implemented to ensure that
the system is scalable, allowing for the inclusion of additional
educational materials in various formats in the future without
requiring changes to the system architecture. These qualitative
data are invaluable in identifying key features that would drive
the development of CRCWeb.
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Table . Five design principles were outlined from the 2-phase semistructured interviews with patients and caregiversa.

ExplanationDesign principle

Our platform should feature intuitive and user-friendly navigation.User-friendly principle

Our platform should feature multimedia components.Multimedia principle

Extraneous material should be excluded to keep the content short and easy
to understand.

Concise principle

Our app should feature functions that help people with limited vision to
access educational content.

Vision principle

Our platform should be scalable to include more topics and content formats
in the future.

Scalability principle

aThese open-ended questions aim to address accessibility challenges for disadvantaged populations facing limited health literacy or low income by
incorporating intuitive navigation, multimedia components, concise and easy-to-understand content, and functionalities designed to assist individuals
with limited vision.

Development of CRCWeb

The development of CRCWeb strictly followed the design
principles outlined in the previous section. As shown in Figure
1, CRCWeb contains 3 main components: navigation and
program guide, educational materials, and surveys. The
navigation and program guide simplify access while the

educational components offer engaging, multimedia content
tailored to different learning needs. The survey feature tracks
symptom levels and user progress, with data securely stored on
the REDCap (Research Electronic Data Capture; Vanderbilt
University) server. Then, we discussed in detail how CRCWeb’s
design increased accessibility by focusing on these 3 key
components.

Figure 1. System architecture of CRCWeb, highlighting its 3 core components: navigation and program guide, educational components, and surveys.
The educational components feature 5 multimedia sections: lectures, content, activities, resources, and quizzes. User progress is securely stored on our
server, ensuring confidentiality while enabling administrators to monitor and track advancement. REDCap: Research Electronic Data Capture.

Functionalities of CRCWeb

As shown in Figure 2, CRCWeb’s main interface includes 4
navigation tabs at the bottom of the screen: Home, Content,
Survey, and Account. This streamlined layout is crucial for
enabling users to easily access the app’s core functionalities
without confusion. By providing a consistent and simple
navigation system, CRCWeb ensures that users, especially those
with limited technological proficiency, can effortlessly switch
between essential features, aligning with design principle 1. As
shown in Figure 2A, users can also quickly navigate between
sections using a button located in the top right corner.
Additionally, the large blue buttons at the bottom of the screen,
as displayed in Figure 2C, allow users to move to the next or

previous sections within a module. When a user reaches the
final section, the right button turns green, indicating that they
have completed the current module. To further assist users in
tracking their progress, as demonstrated in Figure 2B, a green
check mark appears next to the title of a section when it is
finished, providing a visual reminder of completion. The Home
tab includes essential resources such as “How to Navigate?”
and “FAQ” sections, designed to guide users through the
platform and answer common questions. These features are
critical for users who may not be familiar with technology,
ensuring that everyone can easily access and use CRCWeb’s
resources. Users can also send direct messages to the research
team for additional support by tapping the message icon in the
top right corner. This feature is particularly useful for
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disadvantaged users with limited access to advanced
technologies who may require additional help to navigate the
platform or understand the content. As shown Figure 3B, the
Content tab grants users access to educational modules, complete
with a progress bar that visually tracks their completion status.
This progress bar is essential in keeping users motivated and
aware of their learning journey. The Survey tab, illustrated in
Figure 2C, enables users to complete pre- and postintervention
surveys, as well as weekly symptom check-ins. This structure
allows CRCWeb to deliver notifications that adjust the learning
experience based on user progress and survey responses. Finally,
the Account tab, shown in Figure 2D, enables users to manage
personal information and settings and pair their account with a
caregiver. This paired account feature fosters collaboration,
enabling patients and caregivers to share learning progress and
better coordinate care efforts.

One of the key tools supporting this interactivity is the smart
content tagging system, which enhances the readability and
accessibility of text-based materials. The content tagging system
allows critical information to be highlighted using different font
weights, colors, and multimedia elements. For example, key
points can be bolded or marked in red or blue to guide users’
attention, as shown in Figure 3. In addition, users can choose
to increase font size in settings. Driven by design principles 2
and 4, this system ensures that important information is easy to
spot, particularly for users with low literacy or cognitive
challenges. Additionally, for users with reading difficulties or
visual impairments, we integrated a text-to-speech option that
allows users to listen to the content instead of reading it. This
feature is available throughout the app, ensuring that all

users—regardless of their abilities—can engage with the
educational materials. The system is designed to strip out tags
before converting the text to speech, preventing unnecessary
audio distractions. To reinforce learning, each module concludes
with a quiz, as shown in Figure 4D. The quizzes provide
immediate feedback, informing users whether their answers are
correct, followed by explanations to deepen their understanding.
Users are encouraged to achieve at least 80% accuracy before
moving on to the next module. Notifications are sent to remind
users to retake quizzes if they do not meet this threshold,
ensuring that learning is reinforced and that users fully
comprehend the material before progressing.

To ensure CRCWeb can be accessed on a wide variety of
devices, we built the platform using the React Native framework
[19]. This allows the platform to be deployed as an iOS app,
Android app, and web app from a single code base, ensuring
maximum accessibility across platforms. Since most
disadvantaged populations with limited health literacy or low
income are using older versions of Android devices, we made
additional efforts to optimize CRCWeb’s performance in the
Android environment to ensure a smooth, bug-free experience.
Following an agile software development process [20], we
continuously refined the platform based on feedback from
internal testers and semistructured interviews with patients and
caregivers, resulting in an iterative and user-driven design. The
backend server of CRCWeb is built using the Express.js
framework [21] and object-relational mapping [22] to
accommodate any relational database, allowing flexibility in
terms of database management while ensuring robust
performance and scalability.

Figure 2. System architecture of CRCWeb, highlighting its 3 core components: navigation and program guide, educational components, and surveys.
The educational components feature 5 multimedia sections: lectures, content, activities, resources, and quizzes. User progress is securely stored on our
server, ensuring confidentiality while enabling administrators to monitor and track advancement.
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Figure 3. Examples of educational topics in CRCWeb: (A) Physical Activity, offering practical exercise recommendations; (B) Family Communication,
guiding effective caregiver-patient discussions; and (C) Fatigue, providing practical strategies for managing energy levels during treatment.
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Figure 4. The user-friendly navigation features of CRCWeb: (A) a drop-down menu to quickly navigate through different sections; (B) a green check
mark to indicate when a section has been reviewed; (C) large buttons for navigating between sections; and (D) quizzes with immediate feedback to
inform users if they answer correctly and providing a detailed explanation.

Educational Content

Tailoring Educational Materials for Symptom
Management Using GenAI
CRCWeb’s educational content is organized around 3 core
modules—Family Involvement, Symptom Management, and
Coping Effectiveness—all of which are informed by Stress
Coping Theory [23] and Family Systems Theory [24]. These

theories emphasize the critical role that psychological resilience
and family dynamics play in how individuals manage chronic
conditions like CRC. Specifically, Stress Coping Theory
highlights how emotional and cognitive responses influence
symptom management, while Family Systems Theory indicates
the importance of involving family members in the care process.
By integrating these theoretical frameworks, CRCWeb was
designed to improve both patient and caregiver outcomes and
engagement, particularly for disadvantaged populations with
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limited health literacy or low income. Therefore, we
hypothesized that enhanced family involvement and targeted
psychosocial education alleviated the symptom burden for
patients with CRC and their caregivers. This tool aimed to
provide the knowledge, strategies, and emotional support
necessary to manage symptoms effectively, ultimately improving
both the patients’ and caregivers’ quality of life.

Each module is structured into 5 key sections: lectures, content,
activities, resources, and quizzes. As illustrated in Figure 1, the
educational materials were tailored into 4 distinct formats and
distributed across different sections of CRCWeb: videos in the
lectures section, textual content in the content section, practical
activities in the activity section, extra-textual and video-based
resources in the resources section, and quizzes in the quiz
section. These educational materials were developed in
alignment with guidelines from the National Cancer Institute
[25] and the National Comprehensive Cancer Network [26],
ensuring that the content is evidence-based and authoritative.
As shown in Figure 3, the topics address a comprehensive range
of practical, emotional, and physical challenges faced by patients
with CRC and their caregivers. These topics are crafted to not
only educate but also empower patients and caregivers,
encouraging them to take an active role in managing cancer
treatment and improving overall well-being.

To improve both engagement and accessibility, we integrated
multimedia content throughout all modules, in alignment with
design principle 2. Drawing from the semistructured interviews,
we developed 5 distinct types of content—videos, slides, textual
content, practical activities, extra resources, and
quizzes—tailored to fit within the 5 sections of the program.
Each lecture section includes 2 short videos: a primary lecture
video that provides a comprehensive overview of the module’s
content and a supplemental video featuring interviews with
patients with CRC who share their lived experiences. These
videos are complemented by slides that offer additional visual
summaries, making the information accessible to users with
different learning preferences. Each content section features
concise textual information, complemented by images and
highlighted key points. The activity section offers practical
activities with detailed instructions, while the resources section
provides additional more detailed resources. The quiz section
at the end of each module includes 5 quizzes to reinforce
learning.

In the activities section, users engage in 9 digital exercises (3
activities per module) designed to reinforce what they learned
in the lectures and content sections. These activities are tailored
to daily life routines, such as symptom tracking and
communication exercises between patients and caregivers. The
activities also include a rating feature that allows users to
provide feedback on their experience through thumbs-up or
down ratings and optional comments. This feedback loop is a
crucial part of CRCWeb’s design, as it enables continuous
refinement of activities based on real-time user input, ensuring
that the content remains relevant and effective.

The resources section offers optional supplementary materials
for users who wish to delve deeper into specific topics. These
include additional videos, articles, and external links to trusted

cancer resources. In response to user feedback, we curated this
section to ensure that it provides meaningful yet
nonoverwhelming options for further exploration. For example,
users can access interviews with others managing similar
symptoms, providing both practical tips and emotional support
through shared experiences.

Each module concludes with a 5-question multiple-choice quiz,
generated by ChatGPT and reviewed by our expert panel. These
quizzes serve as a reinforcement tool, helping participants
solidify their understanding of the key concepts covered in each
module. Immediate feedback is provided for each question, with
detailed explanations to clarify any misunderstandings and
further support the learning process.

This comprehensive design, grounded in theory and informed
by direct user feedback, ensures that the educational materials
are not only accessible but also actionable, empowering patients
with CRC and caregivers to take an active role in symptom
management and care.

Generating Accessible Multimedia Materials Using
GenAI
To enable the accessibility and engagement of educational
materials, CRCWeb incorporates a framework for using GenAI
to develop multimedia content, as shown in Figure 5. This
framework begins by using the PyPDF2 [27] package to extract
textual information from the original PDF documents. ChatGPT
then generates concise summaries of the extracted text for each
module. In line with design principle 4, these summaries are
further processed by Pictory to create lecture videos tailored to
individuals with limited vision and reading disabilities.

Additionally, the extracted text is processed by ChatGPT to
produce various content formats tailored to the needs of
disadvantaged populations with limited health literacy or low
income. For instance, concise, low-reading-level text is
generated to teach symptom management, while practical
activities and quizzes are created to support hands-on learning
and retention. These tailored formats, in adherence to design
principles 2 and 3, are designed to make the educational content
more accessible and actionable. The majority of the educational
materials are created by GenAI-powered tools and subsequently
reviewed by a team of oncology experts to ensure accuracy and
relevance before being made available to patients and caregivers.

In the lecture section, we use ChatGPT to distill the core content
of each module into a brief, cohesive summary that highlights
the key topics. This summary is then processed by Pictory, a
leading GenAI-powered video generation tool, which swiftly
transforms text into engaging video content. These videos
provide an alternative to text, allowing users to watch or listen
to the material, reducing cognitive load and increasing
engagement. As shown in Figure 5, Pictory creates relevant
videos by incorporating the transcript and automatically
highlighting key terms to reinforce understanding. The videos
also include relaxing background music and a human voiceover
to ensure a smooth, engaging viewing experience. For users
who prefer text, we provide video transcripts that offer the same
content in written form.
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In the content section, CRCWeb presents text-based materials
adapted from national guidelines for each topic. To ensure these
materials are concise and easy to understand, as per design
principle 3, ChatGPT is tasked with summarizing guideline
documents into no more than 250 words with a Flesch-Kincaid
Grade level of 6, making the content accessible to users of all
literacy levels. A smart tagging system highlights key points
using predefined tags, which are then reviewed and refined by
our oncology experts to ensure clarity and relevance. Links to
the original, full-length documents are included at the end of
each section for users who wish to explore the source materials
in more detail. Additionally, a text-to-speech feature powered
by the React Native TTS package [28] provides an auditory
option for users with vision impairments or reading difficulties.
To prevent the tags from being read aloud, we use regular
expressions to remove them from the audio transcript, ensuring
a smooth listening experience.

In the activity section, we use ChatGPT to generate simple,
practical activities that patients and caregivers can complete

together. These activities are designed to reinforce the key
concepts covered in the module and are structured to be easy
to implement in daily routines. User feedback on these activities
is collected through a rating system, which allows us to
continuously improve their relevance and usability.

For the quiz section, ChatGPT generates 10 multiple-choice
questions for each module, each accompanied by a detailed
explanation of the correct answer. From these, we select the 5
most appropriate questions, refining them to match the challenge
level needed to reinforce the material without overwhelming
users. As shown in Figure 5, these quizzes provide immediate
feedback with an explanation, helping participants reinforce the
knowledge they learned from the module.

By integrating GenAI with expert review and accessibility
features such as video, text, and audio options, CRCWeb ensures
that its educational materials are engaging, user-friendly, and
tailored to the needs of both patients with CRC and caregivers.

Figure 5. The framework was designed to leverage GenAI in creating multimedia content. First, the original PDF materials are converted into text
using the Python package PyPDF2. The extracted text is then tailored by ChatGPT for 4 specific purposes: summarization of the topic, shortening the
content to a lower reading level, creating practical activities, and generating quizzes. The topic summary is then processed by Pictory, which converts
it into a video alongside a pleasant human reading voice. GenAI: generative artificial intelligence.

Performance Evaluation of Large Language Models
in Tailoring Educational Content
We compared 3 models from the GPT family (GPT-3.5 Turbo,
GPT-4, and GPT-4 Turbo) to generate tailored content for
disadvantaged patients with CRC and their caregivers with
limited health literacy using predetermined prompts. The
GPT-generated content was then evaluated by oncology experts
and applied to CRCWeb.

To promote the accessibility and comprehension of educational
materials for disadvantaged patients with CRC and their
caregivers with limited health literacy, we structured prompts
to have large language models (LLMs) produce content at a low
reading level (Flesch-Kincaid Grade level of 6), maintain a word
limit of 250, and provide Spanish and Chinese translations for
each topic.

Our primary sources for content generation were education
materials from the National Cancer Institute and the National
Comprehensive Cancer Network guidelines [26]. We carefully
selected 30 distinct topics that encompass a broad spectrum of
content, including fatigue, depression, anxiety, pain, cognitive
impairment, nutrition, and more. A subset of the topics was
implemented in CRCWeb.

As reported in our prior work [29], the GPT family of models
exhibited outstanding capability in tailoring educational
materials for disadvantaged patients with CRC and their
caregivers with limited health literacy or low income, only with
deviations from the designated reading level.

Pilot Study

We conducted an 8-week single-arm pre-post pilot clinical trial
among patients and their caregivers in 2 cancer clinics as our
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test users to guide the development of CRCWeb. Among all 40
enrolled participants (20 patients and their caregivers), 22 of
them came from disadvantaged backgrounds (ie, income ≤250%
Federal Poverty Level, Medicaid, and uninsured), while the
remaining 18 were from nondisadvantaged backgrounds,
including individuals with higher incomes and adequate
insurance coverage. The participants were instructed to
download and navigate through CRCWeb by a clinical
coordinator.

Participant Satisfaction With CRCWeb
The average satisfaction score was 3.980 out of 5 (1=strongly
disagree, 2=disagree, 3=partially agree, 4=agree, and 5=strongly
agree), with minimal variation (0.004), indicating that
participants found the platform helpful on average.

When comparing satisfaction levels between the
nondisadvantaged and disadvantaged groups, the average scores
were nearly identical: 3.985 for the nondisadvantaged group
and 3.971 for the disadvantaged group, resulting in a minimal
difference of 0.014.

A nonparametric Two One-Sided Test using the Mann-Whitney
U test was applied. The results, presented in Table S3 in
Multimedia Appendix 1, revealed that for Questions 1 and 2,
which assessed overall satisfaction and perceived helpfulness
of CRCWeb, the distributions between the 2 groups are
equivalent (both P<.05). For Questions 3 through 6—addressing
the relevance of content, clarity, understanding of personal
situations, and skills for symptom management—both Test 1
and Test 2 were also significant (P<.05). This indicates that
both groups rated CRCWeb similarly on these dimensions, with
no notable differences in how they perceived the app’s
relevance, clarity, or utility in managing symptoms. This
demonstrates strong equivalence in the experiences of both
groups in these areas. Finally, for Question 7, which focused
on whether CRCWeb provided practical suggestions for
everyday life, only Test 2 was significant (P=.001), while Test
1 was not (P=.05). This suggests that the disadvantaged group
seems to have found CRCWeb more useful for providing
practical, everyday suggestions compared to the
nondisadvantaged group. This observation further reinforces
the usability of CRCWeb for disadvantaged populations, as they
perceived the platform to provide more practical support than
their nondisadvantaged counterparts.

User Engagement and Login Frequency
To assess user engagement, we tracked attendance records,
adherence rate, and login frequency across the study period. A
total of 40 participants were enrolled in the intervention and the
retention rate was 75%. Among the 40 participants, 87.5%
completed all 3 modules and logged into CRCWeb at least 3
times. There was a clear difference in engagement between the
disadvantaged and nondisadvantaged groups. The disadvantaged
group logged in 209 times in total, compared to 83 logins from
the nondisadvantaged group, making the disadvantaged group
2.52 times more engaged. A Mann-Whitney U test was
performed to verify whether this difference was statistically
significant, and the results confirmed that the disadvantaged
group had significantly higher login frequencies (P=.047).

Lessons Learned and Future Directions

This viewpoint presents that by transforming textual data into
multimedia components and tailoring educational content to
the needs of low-health-literacy populations, CRCWeb
addressed the significant health disparities that exist for
disadvantaged groups with limited health literacy or low income
[30]. Our assessment suggests that CRCWeb significantly
enhanced user engagement for disadvantaged groups with
limited health literacy or low income and achieved high levels
of user satisfaction. This result is particularly noteworthy, as
prior research has often highlighted lower engagement among
disadvantaged populations in digital health interventions [31].
While our results demonstrated CRCWeb’s effectiveness in
delivering accessible educational content, several limitations
should be addressed in future directions.

First, language translations were not included in this pilot study
as we only recruited English-speaking participants. Prior
research indicates that LLM performance varies by language,
performing better in high-resource languages like German,
French, and Spanish, but less effectively in lower-resource
languages such as Kannada and Occitan [32,33]. To make
CRCWeb more inclusive for non-English speakers, future work
will evaluate auto-translation features and incorporate
LLM-based translation for additional languages. This will allow
CRCWeb to serve a broader, multilingual population.

Second, while commercial GenAI-powered tools such as
ChatGPT and Pictory help streamline content creation, they
come with risks such as potential pricing increases and service
suspensions. To mitigate these risks, future work will explore
developing our own GenAI models based on open-source
frameworks [34-36]. This will give CRCWeb greater control
over its content generation processes and ensure long-term
scalability and cost-effectiveness.

Finally, in terms of user engagement, while login frequency is
an important metric, it does not fully capture the complexity of
user interactions with CRCWeb. To improve measurement
accuracy, future iterations will include native apps for each
platform, enabling more detailed tracking of user behaviors
such as screen time and in-app navigation. Although this
approach requires greater development effort, it will provide
more inclusive metrics of user engagement.

Conclusions

Improving the accessibility of educational content on symptom
management is essential to empowering patients with CRC and
their caregivers, enabling them to more effectively manage
symptoms throughout treatment. This is particularly vital for
disadvantaged populations with limited health literacy or low
income, who often lack access to national guidelines or frequent
hospital-based care. CRCWeb addresses this challenge by
leveraging GenAI-powered tools to transform overwhelming
health care guidance into accessible multimedia formats,
specifically tailored for patients with CRC and their caregivers.
With features like low-reading-level text, engaging videos, and
user-friendly navigation, CRCWeb ensures that patients and
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caregivers can better understand and manage their symptoms.
Designed with a stakeholder-centered approach, the platform
prioritizes the needs of its users, making it a valuable tool for
improving health outcomes. Moreover, the scalable design of
CRCWeb demonstrates its potential to be adapted for broader

disadvantaged populations with limited health literacy or low
income, extending its impact beyond patients with CRC and
caregivers to enhance health care accessibility for diverse
groups.
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Abstract

Multidisciplinary team (MDT) meetings play a critical role in cancer care by fostering collaboration between different health
care professionals to develop optimal treatment recommendations. However, meeting scheduling and coordination rely heavily
on manual work, making information-sharing and integration challenging. This results in incomplete information, affecting
decision-making efficiency and impacting the progress of MDT. This project aimed to optimize and digitize the MDT workflow
by interviewing the members of an MDT and implementing an integrated information platform using the Fast Healthcare
Interoperability Resources (FHIR) standard. MDT process re-engineering was conducted at a central Taiwan medical center. To
digitize the workflow, our hospital adopted the NAVIFY Tumor Board (NTB), a cloud-based platform integrating medical data
using international standards, including Logical Object Identifiers, Names, and Codes, Systemized Nomenclature of
Medicine–Clinical Terms, M-code, and FHIR. We improved our hospital’s information system using application programming
interfaces to consolidate data from various systems, excluding sensitive cases. Using FHIR, we aggregated, analyzed, and converted
the data for seamless integration. Using a user experience design, we gained insights into the lung cancer MDT’s processes and
needs. We conducted 2 phases: pre- and post-NTB integration. Ethnographic observations and stakeholder interviews revealed
pain points. The affinity diagram method categorizes the pain points during the discussion process, leading to efficient solutions.
We divided the observation period into 2 phases: before and after integrating the NTB with the hospital information system. In
phase 1, there were 83 steps across the 6 MDT activities, leading to inefficiencies and potential delays in patient care. In phase
2, we streamlined the tumor board process into 33 steps by introducing new functions and optimizing the data entry for pathologists.
We converted the related medical data to the FHIR format using 6 FHIR resources and improved our hospital information system
by developing functions and application programming interfaces to interoperate among various systems; consolidating data from
different sources, excluding sensitive cases; and enhancing overall system efficiency. The MDT workflow reduced steps by 60%
(50/83), lowering the coordinated activity time from 30 to 5 minutes. Improved efficiency boosted productivity and coordination
in each case of manager feedback. This study optimized and digitized the workflow of MDT meetings, significantly enhancing
the efficiency and accuracy of the tumor board process to benefit both medical professionals and patients. Based on FHIR, we
integrated the data scattered across different information systems in our hospital and established a system interoperability interface
that conformed to the standard. While digitizing the work of MDT meetings, we also promoted the optimization and transformation
of related information systems and improved their service quality. We recommend additional research to assess the usability of
a tumor board platform.
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Introduction

Cancer care is a complex process that requires collaboration
among health care professionals to develop the best treatment
strategies. A multidisciplinary team (MDT) approach, in which
experts from various specialties come together to discuss and
share knowledge on cancer cases, provides an effective platform
for delivering comprehensive and personalized care [1]. The
MDT typically includes oncologists, surgeons, radiation
oncologists, oncology nurses, clinical psychologists, social
workers, dietitians, pharmacists, and physical therapists. Each
member contributes their expertise to ensure the patient receives
the most appropriate treatment and support. The team conducts
a thorough assessment of the patient’s condition, considering
factors such as cancer type, stage, physical health, psychological
well-being, and social circumstances. From this evaluation, a
tailored treatment plan is developed, addressing all aspects of
patient care. This collaborative process fosters a patient-centered
approach that not only aims to improve survival rates but also
enhances the quality of life by addressing the diverse needs of
the patient.

The MDT approach is particularly valuable in cancer care as it
ensures continuous communication and coordination among
health care providers, leading to more effective treatment and
improved overall outcomes. MDTs enhance treatment efficiency
and patient care by bringing together health care professionals
from various disciplines to collaborate on treatment plans. This
approach facilitates shared decision-making and provides
comprehensive care by addressing the social, psychological,
nutritional, and physical needs of patients with cancer [2]. By
integrating the expertise of diverse professionals, the MDT
approach enhances the comprehensiveness and precision of
care, aiding patients in navigating the complexities of cancer
treatment [3]. However, to fully realize the benefits of this
approach, it is essential to overcome systemic barriers,
attitudinal challenges, and knowledge gaps through multilevel
interventions [4].

According to the requirements of the Taiwan National Cancer
Diagnosis and Treatment Quality Certification, MDT meetings
must be held regularly every year to discuss new diagnostic
cases. However, the treatment course for patients with cancer
is long, and patients are often cared for by different clinical
departments. As a result, cancer clinical data are scattered across
different information systems (eg, outpatient, inpatient, and
personal cancer management) and cover various diverse data
elements, including patient demographic data, laboratory reports,
and medications. Convening an MDT of cancer care meetings
requires coordinating the schedules of various specialized teams
and collecting and consolidating data from different information
systems. Medical staff work tirelessly, which can be challenging.
It is necessary to collect and integrate patient data before the
meeting and follow up on the comments afterward. Effective

MDT decision-making requires having access to relevant
information, giving structured case presentations, exercising
leadership skills, and organizing an effective meeting
infrastructure [5-7]. Meeting tools can help boost MDT meeting
efficiency [8-10]. Moreover, considerations regarding the
clinical workflows of end users and existing information systems
(eg, electronic health records [EHR]) are increasing. It is
challenging to integrate information tools into the current system
to meet end user needs and expectations and to effectively
improve MDT practices [11]. Therefore, a thorough
understanding of the MDT decision-making process, information
flow, and routine workflow of key stakeholders is required.

In recent years, hospital information systems (HISs) have
vigorously developed, with various clinical departments
increasingly using information systems to support their clinical
work [12-15]. Although most of the work in hospitals has been
digitized, when handling cancer cases, especially in MDT
meetings, it remains necessary to communicate through multiple
emails and telephone calls to complete treatment proposals.
Repetitive manual operations are required when preparing and
conducting MDT meetings. To prepare meeting materials, team
members collect case- and patient-care-related information such
as literature, guidelines, and clinical trial information from
different information systems. The collected materials are
scattered and stored separately by each team member, and the
meeting minutes are stored in the cancer center in the form of
paper documents, making it difficult for clinicians to read
meeting discussion materials and minutes before making clinical
decisions. MDTs involve many people, specialties, data, and
knowledge, and there is often a lack of standard execution
procedures for holding meetings and preparing data. Moreover,
the varying team members in their respective professional
groups can lead to complex dynamics regarding authority and
responsibility [4]. Addressing these challenges requires effective
management strategies to ensure the seamless operation of
MDTs and the provision of high-quality care to patients. Few
studies discuss the integration of data and workflow in oncology
care. The rapid expansion of medical knowledge, especially in
oncology, has led to information overload and requires
well-designed digital tools to manage and use this data
effectively. The digital tool has streamlined the preparation and
conduct of multidisciplinary tumor board meetings, with
potential future applications in virtual meetings and patient
engagement [16]. To build a patient-oriented cancer precision
medicine platform that integrates all the information for cancer
care, clinical decision support is necessary.

Using international standards is a common practice for
interoperability and data integration across systems. The
commonly used international medical information exchange
standard is Fast Healthcare Interoperability Resources (FHIR)
[17]. FHIR is designed to enable quick and efficient health data
exchange, including clinical and administrative data. It has a
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strong focus on implementation and also strengthens health data
interoperability. FHIR solutions are built from a set of modular
components called “resources” that can be easily assembled
into working systems. Existing medical data can also be
exchanged with other information systems through FHIR
resources. By adhering to the standard, all medical information,
including EHRs, medical images, and laboratory results, can
be transformed into a consistent and easily interpretable format.
Its implementation means that health care data is converted and
integrated, thus ensuring efficient communication among various
information systems. The FHIR standard streamlines data
conversion processes, making it easier for health care providers
to rapidly access and interpret patient information. This leads
to faster decision-making and better patient management in
MDT meetings.

We aimed to optimize and digitize the workflow of MDT
meetings in cancer care. This viewpoint article described the
implementation of an integrated information platform using the
FHIR standard to enhance the efficiency and accuracy of the
tumor board process. By interviewing MDT members and
re-engineering, the MDT process, we aimed to address the
challenges of manual work, information-sharing, and
coordination in MDT meetings. We hypothesized that digitizing
the MDT workflow and integrating data using FHIR would
significantly improve the efficiency, accuracy, and overall
quality of cancer care provided by MDTs.

Setting and Project Overview

Overview
This project was conducted at a major medical center located
in central Taiwan. The hospital is renowned for its
comprehensive cancer care services, which include diagnosis,
treatment, and follow-up care for various types of cancer. The
hospital has a dedicated oncology center that provides
multidisciplinary care to patients with cancer, ensuring that they
receive the best possible treatment and support throughout their
cancer treatment journey.

This hospital is a large medical facility with over 1800 beds
and a wide range of specialized departments. It serves a diverse
patient population from central Taiwan and beyond, offering
advanced medical care and cutting-edge treatments. The
oncology center at the hospital is equipped with state-of-the-art
technology and staffed by a team of highly skilled health care
professionals, including oncologists, radiologists, surgeons,
specialized oncology nurses, clinical psychologists, social
workers, dietitians, pharmacists, and physical therapists.

The team involved in this project includes members from various
departments within the hospital. The MDT members include
pulmonologists, pathologists, radiologists, radiation oncologists,
and case coordinators. To optimize and digitize the workflow
of MDT meetings in cancer care, we have developed an
integrated information platform based on the FHIR standard to
enhance the efficiency and accuracy of the tumor board process.
A flow diagram is shown below (Figure 1).
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Figure 1. The research flow diagram. EHR: electronic health record; FHIR: Fast Healthcare Interoperability Resources.
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Implementation of the Tumor Board Platform
In this project, the tumor board platform refers to a digital tool
designed to streamline and enhance the workflow of
multidisciplinary tumor board meetings. These platforms
integrate various types of medical data, such as EHRs, medical
images, laboratory results, and pathology reports, into a single,
accessible system. This integration allows health care
professionals, including oncologists, radiologists, surgeons, and
other specialists, to collaboratively analyze, discuss, and develop
personalized treatment plans for patients with cancer. The tumor
board process involves regular meetings where an MDT of
health care providers with different specialties come together
to discuss cancer cases. During these meetings, the team reviews
patient information, shares knowledge, and formulates
comprehensive treatment plans tailored to the individual needs
of each patient. The goal of the tumor board process is to ensure
that patients receive the best possible care through coordinated
and collaborative decision-making. To digitize the working
process, an information system (NAVIFY Tumor Board [NTB];
Roche Molecular Systems), was adopted in our hospital. The
NTB is a cloud-based workflow platform that integrates all
relevant medical data to facilitate tumor board workflows [18].
This software as a tumor board platform uses various
international standard terminologies (eg, Logical Object
Identifiers, Names, and Codes, Systemized Nomenclature of
Medicine–Clinical Terms, and M-code) and has a core database
built using the FHIR standard to help prepare, present, and
document the workflow of multidisciplinary tumor board

meetings. In the early stages of system construction, we
imported patient medical data into the information platform.
The inclusion criteria for the patient data consolidated into the
platform involve patients meeting the qualifications for
multidisciplinary care. These include patients with stage III
lung cancer, complex cases, patients with special events, and
cases recommended for discussion by attending physicians. We
excluded sensitive cases before integrating the medical data.
Sensitive cases refer to patient histories of domestic violence
and medical disputes, as defined by our hospital.

We also define standardized processes and operating procedures
for various roles and provide system training courses to facilitate
the use of this system. One of the key values that MDT members
find in NTB is its ability to integrate data. In the past, patient
data was scattered across different systems, requiring members
of MDTs to log into multiple systems to review a single case.
However, with NTB, they only need to log into the NTB
platform to complete case reviews. In addition to data
integration, NTB’s interface visually presents patient
examinations and treatment schedules through a “timeline,”
which helps MDTs understand the progression of a patient’s
condition more easily. Whether through data integration or the
timeline feature, effective data exchange between systems is
achieved using the FHIR standard. Moreover, the platform
directly facilitates collaborative case editing among MDTs,
allowing team members to prepare their respective data from
different locations and times, thereby enriching the completeness
of patient information (Figure 2).

Figure 2. User interface of NAVIFY Tumor Board.

We aggregated and analyzed the data requirements for
interfacing with each information system. Additionally, we
mapped and converted all of the data to align with the FHIR
format. This comprehensive process involved the mapping of
diagnosis and treatment information to the FHIR standard,
ensuring integration with the tumor board information system.
Moreover, to facilitate seamless data exchange, we designed an
interoperability data model that adheres to internationally
recognized FHIR standards. This approach enhances data
compatibility and promotes efficient communication across
diverse health care systems.

Our primary objective was to conduct process re-engineering
in a multidisciplinary lung cancer team to address the difficulties
and challenges faced by the teams in their workflow. To achieve
this goal, we applied the user experience design approach to
gain in-depth insights into the processes and requirements of
lung cancer MDT.

This project uses “step reduction” as an indicator to assess
workflow rather than “time reduction.” The primary reason for
this choice is that the complexity of cancer cases varies widely
in clinical settings, ranging from standard treatments to complex
cases. The preparation time for different cases varies
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accordingly. Hence, “step reduction” is chosen as a metric for
evaluating workflow processes. Additionally, qualitative
observation is used for two reasons: (1) Participant perspectives:
Qualitative methods capture direct participant involvement in
workflows, allowing insights into personnel perspectives and
experiences, thereby providing insights into human factors that
influence efficiency and effectiveness. (2) Holistic observation:
Qualitative methods offer a comprehensive view of workflow
processes, considering various elements and their interactions,
which is crucial for identifying potential areas for improvement
[19,20].

We divided the work of process re-engineering into two phases:
(1) before the use of the NTB and (2) after the integration of
the NTB and the HISs. Through observations of the tasks of
multidisciplinary decision-making and meetings, we recorded
the workflow and working steps from the MDT and interviewed
the members of the multidisciplinary cancer team members to
understand the related work and information needs of their work.
We participated in 2 observation meetings covering 3 cases in
each meeting. Interview participants included: 1 supervisor
from the oncology center, 1 case manager, 1 resident physician,
1 radiologist physician, 1 pathologist physician, 1 lung MDT
leader, and 1 chest nurse practitioner. Participants involved in
defining pain points for discussion included: 1 supervisor from
the oncology center, 1 case manager, 1 resident physician, 1
radiologist physician, 1 pathologist physician, 1 lung MDT
leader, and 1 chest nurse practitioner.

Ethical Considerations
This project was approved by the Institutional Review Board
of the Changhua Christian Hospital (No. 200816). Ethical
approval was obtained on December 30, 2021. The requirement
for informed consent was waived by the Institutional Review
Board because the research involved minimal risk to the
participants and could not be practicably carried out without
the waiver. All data collected were anonymized to ensure the
privacy of the participants. No identifiable personal information
was used in the analysis or reporting of the results. No

compensation was provided to the participants as the study
involved minimal risk and did not require active participation.

Process Re-Engineering Phase 1

Overview
In phase 1, we used AEIOU (Activities, Environments,
Interactions, Objects, and Users), ethnographic observation,
and stakeholder interviews to gather pain points and
requirements. Through on-site observations, we gained a
preliminary understanding of the team members, their discussion
processes, and the content involved. Subsequently, we conducted
stakeholder interviews to gather more information from the lung
cancer MDT members. These methods enabled us to gain deeper
insights into users’ needs and pain points.

The MDT workflow was divided into 6 activities: patient
collection, coordination, preparation, meetings, documentation,
and follow-up.

From phase 1 to phase 2, the number of steps in the workflow
decreased from 83 steps to 33 steps. The coordinate activity
saw the largest reduction, dropping from 35 to 12 steps (Figure
3). Phase 1 consisted of 83 steps across the 6 activities, most
of which were carried out manually. We performed various
tasks, including patient data collection, documentation, and
follow-up, manually. During the coordination activity, MDT
members had to repeatedly query and retrieve data from various
HIS and EMR systems. These data were then compiled into
Microsoft Word (Microsoft Corp) files containing diagnoses,
radiology image reports, and pathological summaries, mostly
in text format. During meetings, MDT members use their
individual files and different information systems to present
case details, which could lead to duplicate or inconsistent
content among the different files. After meetings, case managers
compile the meeting minutes in text form and store them at the
tumor center. If physicians need to review the meeting content
during follow-up, they must request access from the tumor
center. This process is time-consuming and inefficient, leading
to potential delays in patient care.
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Figure 3. Workflow of MDT: (A) phase 1: before the use of the NTB and (B) phase 2: after optimizing workflow and integrating the information
system. MDT: multidisciplinary team; NTB: NAVIFY Tumor Board.

FHIR Adoption
For data integration, we conducted a thorough review of the
medical charts and meticulously analyzed patient records and
relevant information. To ensure accurate and effective data
mapping, we engaged in extensive discussions with medical
professionals and experts. Through these collaborative sessions,
we identified the key data elements and attributes in the medical
charts and carefully aligned them with the appropriate FHIR
resources, which encompassed six major categories.

1. Patient: contains essential patient information (eg, name,
date of birth, sex, medical record number, and other relevant
data).

2. Condition: provides details of the clinical conditions,
problems, diagnoses, or events that require attention,
including key information (eg, the date of initial diagnosis).

3. Body structure: records information about anatomical
structures (eg, location and laterality data).

4. Procedures: encompasses actions that are currently or have
been performed on the patient (eg, surgical dates,
preoperative and postoperative diagnoses, operating
physicians, surgical images [JPEG format], medical orders,
and radiation therapy information).

5. Diagnostic report: contains data on patient diagnostic results
(eg, radiology images and other relevant findings).

6. Observation: comprises data from patient examinations (eg,
genetic testing reports and other observational data).

We transformed medical data into a format that adheres to FHIR
standards. This comprehensive process allowed us to seamlessly
integrate medical data into the FHIR standard, thereby enabling
smooth interoperability and data exchange across various health
care systems. We mapped the data from the clinical information
system to the corresponding fields compliant with the FHIR
standard. We presented this comparison systematically through
the system interface, allowing clinical physicians to review and
confirm the accuracy of data transformation. An example of
clinical data transformation into FHIR is shown in Figure 4.
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Figure 4. Example of chemotherapy treatment history clinical data transformation into FHIR. FHIR: Fast Healthcare Interoperability Resources.

Process Re-Engineering Phase 2

Overview
In phase 2, we used the affinity diagram method to define pain
points. First, we mapped the complete pre-, during-, and
postdiscussion processes of lung cancer MDT. Then, using the
affinity diagram method, we categorized pain points at various
stages of the discussion. This approach helped us gain a clearer
understanding of the process of pain points and design effective
solutions more efficiently.

Integration of the Platform With EHR
We also improved our hospital’s information system and
modified some of its functions. We developed several functions
and application programming interfaces (APIs) to interoperate
these systems and consolidated the data from several information
systems within our hospital, including patient demographics,
inpatient and outpatient order data, the cancer registry, the

American Joint Committee on Cancer stage data, surgical data,
biomarkers, radiology, picture archiving and communication
systems, pathology reports, and cancer treatment plans.

Figure 5 displays a sample code of the APIs developed to enable
the system interface to meet the specified requirements. These
APIs were instrumental in integrating 10 information systems
into the NTB, thereby facilitating process digitization and
automation. This seamless integration, coupled with process
optimization, allowed MDT members to collaborate effectively
on the platform, streamlining the coordination and preparation
of the meeting content. The platform’s data integration
capabilities enable the simultaneous presentation of diagnoses,
findings, images, and imaging reports during meetings.
Participants can access the complete meeting materials, reports,
and images together, ensuring an efficient and comprehensive
discussion. Moreover, the platform automatically saves
screenshots and image data during meeting minutes, thereby
simplifying the documentation process. Physicians can
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conveniently access the meeting content directly from the NTB
during follow-up, thus enhancing accessibility and continuity
of care. The successful development and implementation of

these APIs significantly improved the efficiency and
effectiveness of the MDT workflow at the NTB.

Figure 5. Sample code of the APIs. API: application programming interface.

In phase 2, we successfully reduced the number of steps in the
tumor board process to 33 across 6 activities (Figure 3). To
achieve this, we implemented several improvements to our HIS,
specifically for the tumor board process. First, we introduced
2 new functions in the HIS to streamline the tumor board
process. The “patient collection” function allowed MDT team
members to easily request a tumor board workflow digitally,
simplifying the initiation process. Additionally, we developed
a new function tailored for pathologists. Through in-depth user

interviews, we determined the system operation requirements
and reorganized the pathology report entry process. In the
original system, pathologists had to enter a template code, and
the corresponding gross findings and descriptive content
appeared in text fields. To improve the data structure and
efficiency, we converted the gross findings and descriptions
into a fixed structure and extracted vital information for
inclusion in the primary diagnosis feature. We carefully
discussed these templates with key users and pathologists to
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ensure their accuracy and relevance. To minimize errors, we
designed a check function for the proposed system. In cases
where templates could not be converted into structured inputs,
we extracted and converted the content of the remark field into
structured information. Pathologists need only input keywords
or key numerical values, and the system automatically converts
the data into an edited narrative report. Furthermore, we
provided a comment field for physicians to offer supplementary
explanations when needed. These enhancements significantly

improved the efficiency and accuracy of the tumor board
process, benefiting both medical professionals and patients.

The pain points identified and categorized were as follows:
phase 1: before the use of the NTB, there were a total of 48 pain
points, which were reduced to 12 after optimizing workflow
and integrating the information system (Table 1). For the
detailed pain point with the MDT workflow, please refer to the
Multimedia Appendix 1.

Table . Total pain points were identified in 6 activities.

SubtotalFollow-upDocumentConductPrepareCoordinateCollectPain points

483685224Phase 1, n

12314040Phase 2, n

Despite having the same number of activities in the MDT
workflow, a significant reduction of 60% (50/83) in the number
of steps was achieved in the tumor board process. This
streamlining effort effectively optimized the efficiency and
effectiveness of the tumor board process. Due to these
improvements, the case managers reported a remarkable
decrease in the average time spent on coordinated activities,
from 30 to 5 minutes. Feedback from the case managers
highlighted the considerable time-saving benefits generated by
the enhanced workflow, leading to increased productivity and
smoother coordination within the MDT.

Lessons Learned

Overview
We encountered several issues and challenges during the
implementation of the FHIR standard. First, there is a significant
scarcity of personnel proficient in both medical data content
and the FHIR standard. Second, the data collected by existing
information systems must meet the basic requirements of the
FHIR standard format and be structured data. Throughout the
project, we reviewed medical charts and engaged in discussions
with medical and informatics experts to map our data into FHIR
resources. Additionally, FHIR education training courses were
organized to ensure that both clinical and information staff in
our hospital could learn this medical information standard.
Furthermore, the data fields of the HIS system were adjusted
to meet the requirements of FHIR conversion.

Future Work and Implications for Practice
By implementing a framework and applying multispecialty
discussions in cancer care, this study is expected to help medical
information teams refer to available FHIR resources and provide
a standard interface in an efficient, low-cost manner that does
not affect daily operations. The interface integrates the complete
diagnosis and treatment experience of cancer (eg, diagnosis,
treatment, outpatient and inpatient consultations, previous
discussions, and other imaging information) and can be used
for in-hospital treatment, teaching, and research. FHIR
resources, data models, and related systems used for MDT
discussions on cancer can also be referenced by those who wish
to construct FHIR standards.

Other MDTs engaged in cancer care can use our workflow
optimization experience as a reference. With the growth in
cancer cases and the development of precision medicine, genetic
diagnosis, and digital medicine, the demand for digital assistance
platforms for cancer care has gradually increased. At the same
time, medical and health data are expected to increase at a rapid
rate. These developments present additional challenges for
clinical teams. Our optimized workflow can be used as a
reference by other hospitals that wish to digitize their MDTs.

The development of a structured medical record entry system
in our hospital was accelerated while digitizing the MDT
meeting workflow. The essence of any successful structured
medical record entry system lies in its ability to standardize or
make data collection uniform across patients through an easy
reporting system while allowing improved decision support,
real-time quality assessment, and opportunities for
patient-oriented clinical research [21]. The MDT meeting
workflow provides incentives and application scenarios,
prompting users to participate in the system design and
development. However, with the NTB platform, MDTs
experienced a profound improvement in their clinical
discussions. The ease of accessing patient data, imaging results,
pathology reports, and treatment histories allows for a more
holistic understanding of each case. This comprehensive
approach facilitates in-depth discussions and fosters
collaboration in devising tailored treatment plans for patients.
Furthermore, the platform streamlines operational processes,
reduces the administrative burden, and saves time. Improved
workflow and efficient decision-making contribute to enhanced
patient outcomes and overall operational efficiency.

In addition to the NTB platform, the adoption of the FHIR
international standard has revolutionized data exchange among
cancer-related systems. By providing a consistent and
standardized interface, FHIR enhances system openness and
interoperability, allowing different systems to seamlessly
communicate and share information. This standardized approach
empowers health care providers to integrate patient data from
various sources, including EHRs, imaging systems, laboratory
results, and treatment records. Consequently, clinicians have a
more comprehensive and real-time view of a patient’s health
status, leading to better-informed clinical decisions and
improved patient outcomes.
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The comprehensive rollout plan to other cancer teams can
optimize the MTD workflow within the hospital, enhancing
clinical work efficiency. We will modify the HISs to add a new
function that enables physicians to read the NTB meeting
outcomes through outpatient information systems, facilitating
a closed-loop data use process. Moreover, additional data
sources such as ultrasound reports and medical histories will
be integrated to enrich the data sources.

This platform can be extended to other clinical settings.
Attending physicians have found that the NTB platform is not
only useful for multidisciplinary discussions, but also that the
integrated data on NTB is suitable for team assessments and
discussions before patient surgeries. Our educational department
has also noted that storing comprehensive case discussion data
in NTB can serve as gold cases for training post graduate year
doctors, establishing a repository of gold cases without medical
record numbers. Additionally, it provides case materials for
teaching faculty and restricts access to post graduate year doctors
only, achieving educational objectives. Furthermore, in response
to Taiwan’s cancer next-generation sequencing (NGS)
reimbursement policy, establishing a Molecular Tumor Board
to discuss NGS cases is an upcoming initiative for deeper
application.

We also observed that, although the new NTB platform provided
integrated data that could save data search time, it increased the
working time to prepare meeting materials. Professional
software tools often have a learning curve, and their initial use
may require additional time. Although it might take a bit more
time to learn how to use the software, as users become more
proficient, their data preparation speed increases, and more time
is saved. Additionally, an integrated platform can provide users
with more comprehensive patient records, allowing them to
gain insights from consolidated data rather than simply copying
and pasting information from various systems, as was the custom
in the past. This increased time usage may enhance the quality
of health care deliveries. The NTB also has many new functions
(eg, data annotation), which can make presentation materials
more appealing; however, this takes more time. During
follow-up, although they could access the NTB to view the
meeting content, physicians looked forward to an efficient way
to view the meeting minutes. The NTB platform is being
continuously optimized and integrated with other information
systems, in which medical professionals can view the meeting
minutes directly. Inviting various clinical teams to use the
platform to improve decision-making support is the next step.

After data integration, information can be reused in a format
compliant with the FHIR standard. In Taiwan, NGS cases can
be uploaded to national-level biobanks in FHIR format, as many
disease and case notification data requirements also mandate
the FHIR format. Using data for future clinical research will be
easier, especially for studies involving cross-institutional or

international clinical databases. Our research demonstrates the
integration of full medical report data in meetings, allowing
team members to review the reports together. If the data are
insufficient, team members can directly enter the patient’s
timeline function to view other data without a cross-system
query. A previous study [22] referred to information technology
as a solution to achieve real-time data collection and imaging,
which may improve patient-centered care coordination. In this
study, we not only accomplished information integration but
also optimized the workflow for tumor boards.

Conclusions
The use of information technology in MDT meetings has
become common; however, the full potential of information
systems for data collection, integration, and collaboration
remains underused despite its immense value to health
professionals. In this project, we attempted to optimize and
digitize the workflow of MDT meetings. By leveraging the
international data exchange standard, FHIR, we successfully
integrated data from various information systems within our
hospital, establishing a system interoperability interface
compliant with the FHIR standard.

During the digitization process, we not only optimized and
transformed related information systems but also enhanced the
overall service quality of our hospital’s information system.
This digital transformation has facilitated physicians’ use of
medical record data for research by implementing a structured
medical record entry interface, thereby improving the
accessibility and availability of medical records.

In addition to the lung MDT, we encouraged other cancer care
teams to adopt the new process and integrated platform.
Currently, 4 cancer groups are using NAVIFY, and we anticipate
that by the end of 2023, all cancer groups within our hospital
will be on board, amounting to a total of 10 teams. Overall, we
emphasize the importance of efficient processes that use
standardized and leveraged technology to optimize the tumor
board process and enhance cancer care delivery. We will share
our experience of information systems and process improvement
with other hospitals and health care professionals, and encourage
further research to assess the usability of tumor board meetings
for multidisciplinary care teams. We believe that sharing
knowledge and experience will drive advances in health care
and improve patient outcomes.

The most significant impact of an optimized workflow is its
support for timely, data-driven decisions. By integrating
fragmented processes and data, the oncology center can more
effectively manage the operations of each tumor board workflow
for different cancer types. This increases efficiency in the
preparation of meeting materials and enables standardization
of meetings.

 

Acknowledgments
The authors would like to express their appreciation to the lung cancer MDT members and participants from the Cancer Center,
AI Center, and Information Systems Department in Changhua Christian Hospital. This study was supported in part by Roche
Diagnostics Ltd.

JMIR Cancer 2025 | vol. 11 | e53887 | p.208https://cancer.jmir.org/2025/1/e53887
(page number not for citation purposes)

Lin et alJMIR CANCER

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Authors' Contributions
CHL, BYW, SHL, and CJL initiated the conception. CHL, BYW, SHL, CJL, YTH, and MLP designed this study. PHS, CJL,
YTH, SCC, and MLP performed experiments. MLP wrote this paper and prepared the figures. CHL and SCC revised this paper.
All the authors reviewed this paper.

Conflicts of Interest
None declared.

Multimedia Appendix 1
Additional information.
[DOCX File, 479 KB - cancer_v11i1e53887_app1.docx ]

References
1. Patkar V, Acosta D, Davidson T, Jones A, Fox J, Keshtgar M. Cancer multidisciplinary team meetings: evidence, challenges,

and the role of clinical decision support technology. Int J Breast Cancer 2011;2011:831605. [doi: 10.4061/2011/831605]
[Medline: 22295234]

2. Scott B. Multidisciplinary team approach in cancer care: a review of the latest advancements. EMJ Oncol 2021;9(9):2-13
[FREE Full text]

3. Taberna M, Moncayo FG, Jané-Salas E, et al. The multidisciplinary team (MDT) approach and quality of care. Front Oncol
2020;10:85. [doi: 10.3389/fonc.2020.00085] [Medline: 32266126]

4. Das IP, Baker M, Altice C, Castro KM, Brandys B, Mitchell SA. Outcomes of multidisciplinary treatment planning in US
cancer care settings. Cancer 2018 Sep 15;124(18):3656-3667. [doi: 10.1002/cncr.31394] [Medline: 30216477]

5. Lamb BW, Brown KF, Nagpal K, Vincent C, Green JSA, Sevdalis N. Quality of care management decisions by
multidisciplinary cancer teams: a systematic review. Ann Surg Oncol 2011 Aug;18(8):2116-2125. [doi:
10.1245/s10434-011-1675-6] [Medline: 21442345]

6. Taylor C, Atkins L, Richardson A, Tarrant R, Ramirez AJ. Measuring the quality of MDT working: an observational
approach. BMC Cancer 2012 May 29;12:202. [doi: 10.1186/1471-2407-12-202] [Medline: 22642614]

7. Croke JM, El-Sayed S. Multidisciplinary management of cancer patients: chasing a shadow or real value? An overview of
the literature. Curr Oncol 2012 Aug;19(4):e232-e238. [doi: 10.3747/co.19.944] [Medline: 22876151]

8. Hammer RD, Fowler D, Sheets LR, Siadimas A, Guo C, Prime MS. Digital tumor board solutions have significant impact
on case preparation. JCO Clin Cancer Inform 2020 Aug;4:757-768. [doi: 10.1200/CCI.20.00029] [Medline: 32816529]

9. Adler-Milstein J, Holmgren AJ, Kralovec P, Worzala C, Searcy T, Patel V. Electronic health record adoption in US hospitals:
the emergence of a digital “advanced use” divide. J Am Med Inform Assoc 2017 Nov 1;24(6):1142-1148. [doi:
10.1093/jamia/ocx080] [Medline: 29016973]

10. Simpson L. A measurement and collection of AONN+ metrics within an automated tumor board workflow. J Oncol Navig
Surviv 2019;10(2) [FREE Full text]

11. Clarke S, Wilson ML, Terhaar M. Using dashboard technology and clinical decision support systems to improve heart team
efficiency and accuracy: review of the literature. Stud Health Technol Inform 2016;225:364-366. [doi:
10.3233/978-1-61499-658-3-364] [Medline: 27332223]

12. Pender A, Garcia-Murillas I, Rana S, et al. Efficient genotyping of KRAS mutant non-small cell lung cancer using a
multiplexed droplet digital PCR approach. PLoS ONE 2015;10(9):e0139074. [doi: 10.1371/journal.pone.0139074] [Medline:
26413866]

13. Menachemi N, Collum TH. Benefits and drawbacks of electronic health record systems. Risk Manag Healthc Policy
2011;4:47-55. [doi: 10.2147/RMHP.S12985] [Medline: 22312227]

14. Booth RG. Educating the future eHealth professional nurse. Int J Nurs Educ Scholarsh 2006;3:Article 13. [doi:
10.2202/1548-923X.1187] [Medline: 16646940]

15. Rosenberg L. Are healthcare leaders ready for the real revolution? J Behav Health Serv Res 2012 Jul;39(3):215-219. [doi:
10.1007/s11414-012-9285-z] [Medline: 22736047]

16. Hammer RD, Prime MS. A clinician’s perspective on co-developing and co-implementing a digital tumor board solution.
Health Informatics J 2020 Sep;26(3):2213-2221. [doi: 10.1177/1460458219899841] [Medline: 31969041]

17. HL7 FHIR. 2023. URL: https://hl7.org/fhir/ [accessed 2025-04-24]
18. Krupinski EA, Comas M, Gallego LG, GISMAR Group. A new software platform to improve multidisciplinary tumor

board workflows and user satisfaction: a pilot study. J Pathol Inform 2018;9:26. [doi: 10.4103/jpi.jpi_16_18] [Medline:
30167341]

19. Creswell JW. Research Design: Qualitative, Quantitative, and Mixed Methods Approaches, 4th edition: SAGE Publications,
Inc; 2018.

20. Yin RK. Case Study Research and Applications: Design and Methods, 6th edition: SAGE Publications, Inc; 2018.

JMIR Cancer 2025 | vol. 11 | e53887 | p.209https://cancer.jmir.org/2025/1/e53887
(page number not for citation purposes)

Lin et alJMIR CANCER

XSL•FO
RenderX

https://jmir.org/api/download?alt_name=cancer_v11i1e53887_app1.docx&filename=50c9df71-29fc-11f0-b204-a7c875a4c4a9.docx
https://jmir.org/api/download?alt_name=cancer_v11i1e53887_app1.docx&filename=50c9df71-29fc-11f0-b204-a7c875a4c4a9.docx
http://dx.doi.org/10.4061/2011/831605
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22295234&dopt=Abstract
https://www.emjreviews.com/oncology/article/multidisciplinary-team-approach-in-cancer-care-a-review-of-the-latest-advancements-s130921/
http://dx.doi.org/10.3389/fonc.2020.00085
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32266126&dopt=Abstract
http://dx.doi.org/10.1002/cncr.31394
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30216477&dopt=Abstract
http://dx.doi.org/10.1245/s10434-011-1675-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21442345&dopt=Abstract
http://dx.doi.org/10.1186/1471-2407-12-202
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22642614&dopt=Abstract
http://dx.doi.org/10.3747/co.19.944
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22876151&dopt=Abstract
http://dx.doi.org/10.1200/CCI.20.00029
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32816529&dopt=Abstract
http://dx.doi.org/10.1093/jamia/ocx080
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29016973&dopt=Abstract
https://www.jons-online.com/issues/2019/february-2019-vol-10-no-2/measurement-and-collection-of-aonn-metrics-within-an-automated-tumor-board-workflow
http://dx.doi.org/10.3233/978-1-61499-658-3-364
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27332223&dopt=Abstract
http://dx.doi.org/10.1371/journal.pone.0139074
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26413866&dopt=Abstract
http://dx.doi.org/10.2147/RMHP.S12985
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22312227&dopt=Abstract
http://dx.doi.org/10.2202/1548-923X.1187
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16646940&dopt=Abstract
http://dx.doi.org/10.1007/s11414-012-9285-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22736047&dopt=Abstract
http://dx.doi.org/10.1177/1460458219899841
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31969041&dopt=Abstract
https://hl7.org/fhir/
http://dx.doi.org/10.4103/jpi.jpi_16_18
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30167341&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


21. Bleeker SE, Derksen-Lubsen G, van Ginneken AM, van der Lei J, Moll HA. Structured data entry for narrative data in a
broad specialty: patient history and physical examination in pediatrics. BMC Med Inform Decis Mak 2006 Jul 13;6:29.
[doi: 10.1186/1472-6947-6-29] [Medline: 16839414]

22. Janssen A, Robinson T, Brunner M, Harnett P, Museth KE, Shaw T. Multidisciplinary teams and ICT: a qualitative study
exploring the use of technology and its impact on multidisciplinary team meetings. BMC Health Serv Res 2018 Jun
13;18(1):444. [doi: 10.1186/s12913-018-3242-3] [Medline: 29898716]

Abbreviations
AEIOU: Activities, Environments, Interactions, Objects, and Users
API: application programming interface
EHR: electronic health record
FHIR: Fast Healthcare Interoperability Resources
HIS: hospital information system
MDT: multidisciplinary team
NGS: next-generation sequencing
NTB: NAVIFY Tumor Board

Edited by N Cahill; submitted 29.10.23; peer-reviewed by G Grieve, S Lampridis; revised version received 24.03.25; accepted 24.03.25;
published 05.05.25.

Please cite as:
Lin CH, Wang BY, Lin SH, Shih PH, Lee CJ, Huang YT, Chen SC, Pan ML
Process Re-Engineering and Data Integration Using Fast Healthcare Interoperability Resources for the Multidisciplinary Treatment
of Lung Cancer
JMIR Cancer 2025;11:e53887
URL: https://cancer.jmir.org/2025/1/e53887 
doi:10.2196/53887

© Ching-Hsiung Lin, Bing-Yen Wang, Sheng-Hao Lin, Pei Hsuan Shih, Chin-Jing Lee, Yung Ting Huang, Shih Chieh Chen,
Mei-Lien Pan. Originally published in JMIR Cancer (https://cancer.jmir.org), 5.5.2025. This is an open-access article distributed
under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits
unrestricted use, distribution, and reproduction in any medium, provided the original work, first published in JMIR Cancer, is
properly cited. The complete bibliographic information, a link to the original publication on https://cancer.jmir.org/, as well as
this copyright and license information must be included.

JMIR Cancer 2025 | vol. 11 | e53887 | p.210https://cancer.jmir.org/2025/1/e53887
(page number not for citation purposes)

Lin et alJMIR CANCER

XSL•FO
RenderX

http://dx.doi.org/10.1186/1472-6947-6-29
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16839414&dopt=Abstract
http://dx.doi.org/10.1186/s12913-018-3242-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29898716&dopt=Abstract
https://cancer.jmir.org/2025/1/e53887
http://dx.doi.org/10.2196/53887
http://www.w3.org/Style/XSL
http://www.renderx.com/


Adapting a Self-Guided eHealth Intervention Into a Tailored
Therapist-Guided eHealth Intervention for Survivors of Colorectal
Cancer

Johanne Dam Lyhne1, MD; Allan ‘Ben’ Smith2, PhD; Tina Birgitte Wisbech Carstensen3,4, PhD; Lisa Beatty5,6, PhD;

Adeola Bamgboje-Ayodele7,8, PhD; Britt Klein9,10, PsyD; Lars Henrik Jensen1, MD, PhD; Lisbeth Frostholm3,4, Prof
Dr
1Department of Clinical Oncology, University Hospital of Southern Denmark, Beriderbakken 4, Vejle, Denmark
10Biopsychosocial and eHealth Research & Innovation Hub, Federation University Australia, Ballarat, Australia
2Daffodil Centre, A joint venture between Cancer Council NSW and University of Sydney, Sydney, Australia
3Clinic for Functional Disorders, Aarhus University Hospital, Aarhus, Denmark
4Department of Clinical Medicine, Aarhus University, Aarhus, Denmark
5Flinders University Institute of Mental Health & Wellbeing, College of Education, Psychology & Social Work, Flinders University, Adelaide, Australia
6Psycho-Oncology Cooperative Research Group, Sydney, Australia
7Ingham Institute for Applied Medical Research, South West Sydney Clinical Campuses, UNSW Medicine & Health, University of New South Wales,
Liverpool, New South Wales, Australia
8Biomedical Informatics and Digital Health, School of Medical Sciences, Charles Perkins Centre, Faculty of Medicine and Health, University of Sydney,
Sydney, Australia
9Health Innovation & Transformation Centre, Federation University Australia, Ballarat, Australia

Corresponding Author:
Johanne Dam Lyhne, MD
Department of Clinical Oncology, University Hospital of Southern Denmark, Beriderbakken 4, Vejle, Denmark

Abstract

Therapist-guided eHealth interventions have been shown to engage users more effectively and achieve better outcomes than
self-guided interventions when addressing psychological symptoms. Building on this evidence, this viewpoint aimed to describe
the adaptation of iConquerFear, a self-guided eHealth intervention targeting fear of cancer recurrence, into a therapist-guided
version (TG-iConquerFear) tailored specifically for survivors of colorectal cancer (CRC). The goal was to optimize patient
outcomes while minimizing the need for extensive resources. The adaptation process followed the Information System research
framework, which facilitated a systematic integration of knowledge and iterative testing. Drawing on insights from the original
iConquerFear development, as well as feedback from end users, oncologists, and therapists, we began by identifying areas for
improvement. These insights formed the foundation for the first design cycle. Initial internal testing revealed the need for several
adjustments to enhance the intervention. While the core concept of iConquerFear remained unchanged, we made significant
modifications to improve access by optimizing the platform for mobile devices, to support adherence by expanding the exercises,
and to equip therapists with tools such as reflective questions and a monitoring control panel. External field testing with 5 survivors
of CRC provided further validation. Participants reported a high level of acceptability, and their feedback guided additional minor
points to consider incorporating in future versions. This study illustrates how a self-guided eHealth intervention can be successfully
adapted into a therapist-guided format for fear of cancer recurrence, tailored to meet the needs of survivors of CRC. The described
approach serves as a valuable framework for integrating therapist guidance into similar interventions, ensuring their relevance
and effectiveness for targeted populations.

Trial Registration: ClinicalTrials.gov NCT04287218; https://clinicaltrials.gov/study/NCT04287218

International Registered Report Identifier (IRRID): RR2-10.1186/s12885-020-06731-6

(JMIR Cancer 2025;11:e63486)   doi:10.2196/63486
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Introduction

eHealth interventions, defined as programs that provide
information and support for physical or mental health problems
via digital platforms [1], can overcome barriers to accessing
support including travelling distance to site of intervention, time
constraints, disease burden, financial issues, perceived stigma,
and mobility or logistics constraints due to pandemics such as
COVID-19 [2]. eHealth interventions in diverse cancer settings
address challenges related to scalability and cost-effectiveness
with effects comparable to traditional face-to-face therapy [3-7].
However, the initial development, evaluation, and
implementation of effective eHealth interventions is a complex
and multidisciplinary process [8], which requires substantive
financial and human resources [9].

eHealth interventions may fill an important gap in psychosocial
cancer care especially, by augmenting limited available services
[10]. However, the efficacy of self-guided psychological eHealth
interventions can be limited by low uptake and engagement
[11]. Furthermore, these interventions might increase disparities
in health care, as those with digital skills and more resources
will be more likely to engage [12], while those with late effects
such as peripheral neuropathy and fatigue might face challenges
in using required devices (eg, computers, keyboards, or mice)
[13]. Promisingly, meta-analytic evidence shows that adding
guidance to interventions yields greater efficacy when treating
anxiety, distress, fatigue [14], and fear of cancer recurrence
(FCR) [7] in people living with cancer compared with nonguided
interventions. However, guidance comes with greater costs and
reduced scalability due to the use of health care personnel,
infrastructure, and safety measures [15-19].

Leveraging existing self-guided eHealth interventions is one
way of reducing resources required to design an entirely new
guided eHealth service. Several psycho-oncological
interventions have undergone successful adaptations, for
example FindingMyWay [20] from Australia and Fear Of
Recurrence Therapy [21] from Canada. FindingMyWay has
undergone 2 adaptations: first, into a UK-version needing a
contextual adaptation [22] to reflect the UK health care system
and terminology, and second, to a metastatic-breast cancer
specific version (Finding My Way-Advanced [23]). Fear Of
Recurrence Therapy was adapted to family caregivers and to
an eHealth format [24].

Intervention models that facilitate greater access to FCR
treatment have been identified as a top international research
priority [25]. To address this priority, Smith et al [26] adapted
the effective face-to-face therapist-delivered ConquerFear [27]
FCR treatment to an eHealth self-guided format (iConquerFear).
However, feasibility testing of iConquerFear revealed that some
individuals needed guidance and more relatable content for
optimal engagement and benefit [28], as reported for other
psychological symptoms [15,29]. To address these two key
recommendations, this current study aimed to adapt
iConquerFear into a tailored asynchronous therapist-guided
eHealth version (TG-iConquerFear).

While guidance can be provided either in real time
(synchronous) or as delayed (asynchronous), a systematic review
by Cox et al [30] has shown the superior convenience,
flexibility, and limited interruptions of daily routines with
asynchronous guidance in telehealth interventions. As
recommendations are mixed [31,32] the choice of asynchronous
guidance will be evaluated.

To make intervention content more personal and relatable, a
further aim of this study was to tailor iConquerFear specifically
for survivors of colorectal cancer (CRC). CRC ranks as the third
most frequently diagnosed cancer worldwide, with its prevalence
steadily rising due to prolonged survivorship [33]. The
prevalence and characteristics of FCR experienced by
individuals affected by CRC have been described in detail
[34-40]. However, no intervention customized to address FCR
in survivors of CRC has been developed [7,41].

In summary, this paper describes the process of adapting
iConquerFear into TG-iConquerFear targeting survivors of
CRC. We report using the Information System research
framework [42] to integrate recommended improvements from
the original Australian development study [26] and pilot study
[28] with end user feedback from field testing with oversight
by a multidisciplinary research team as a template for other
researchers seeking to make similar adaptations.

Methods

Intervention Content
The iConquerFear is a metacognitive intervention consisting of
5 modules. The content of each module is outlined in Table 1
[26].
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Table . iConquerFear content and features. Features common across all modules include the following: web-based questionnaires, interactive exercises,
downloadable hand-outs, progress graphs, email and SMS reminders, and safety plan.

Content and featuresModule

1. Introduction and goal setting • Introduction to FCRa and treatment model (survivor and clinician
videos)

• Values clarification and goal setting (interactive card sort exercise)

2. Attention training • Introduction to attention training (survivor and clinician videos)
• Attention training practice (audio, monitoring and feedback, and re-

minders)

3. Detached mindfulness • Introduction to detached mindfulness (survivor and clinician videos)
• Detached mindfulness practice (audio, monitoring and feedback, and

reminders)

4. Learning to live well and manage worry • Psychoeducation about appropriate threat monitoring (clinician video)
• Compliance with follow-up and self-examination (assessment with

feedback)
• Challenging unhelpful metacognition (assessment with feedback)
• Worry management techniques (textual overview and downloadable

PDF)

5. Treatment summery and relapse plan • Reflection on change in FCR during treatment (assessment with
feedback)

• Consolidation of new strategies for managing FCR through relapse
prevention (personalized feedback and downloadable action plan)

aFCR: fear of cancer recurrence.

Language and Cultural Adaptation
The adaptation of iConquerFear to TG-iConquerFear was
preceded by a draft translation and cultural adaptation of all
written material from iConquerFear by a professional translator
with experience in the psychiatric setting (Multimedia Appendix
1). This Danish draft was then built into an existing web-based
treatment platform made available by the Department for
Functional Disorders at Aarhus University Hospital in Denmark.
The design of the Danish platform was comparable to that of
iConquerFear. When needed, new technical features were
programmed to reflect the intervention treatment content of
iConquerFear.

Framework
A participatory design approach, guided by the Information
System research framework [42], was used in the adaptation
process. The Information System research framework urges end
users’ inclusion and active engagement in designing and
evaluating information systems. The framework consists of 3
overarching user participatory design cycles: The relevance
cycle determines end user requirements; the design cycle
involves prototype development and evaluation; the rigor cycle
focuses on assessing “past knowledge” from the knowledge
base (KB) and underpinning theories (Figure 1) [42].
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Figure 1. The Information System research framework. KB: knowledge base.

Adaptation Process
At each stage of adaptation, the intervention was reviewed by
a multidisciplinary research team (8 members), comprised of:
an oncologist specializing in CRC, a health psychologist with
expertise in developing guided online interventions, one of the
iConquerFear developers, 2 psychologists specializing in
anxiety-related online therapy (the therapists), a health
researcher with expertise in psycho-oncology, and 2 survivors
of CRC.

Relevance Cycle
First, information related to the adapted intervention’s relevance
were gathered from the environment. Three consumer
representatives (community partners from the Danish Bowel
Cancer Association and the Association for Late Effects After
Cancer), and 4 people with lived experience (survivors of CRC)
were consulted for problem definition and justification of the
interventions’ relevance, including need and potential
challenges. Within the same two 1-hour focus groups, the main
elements from the iConquerFear intervention were presented
to explore views on whether the online platform would be
relevant in addressing survivors of CRC needs and how to
promote engagement. The challenges raised in these interviews
were validated with existing literature on online intervention
engagement. The environment was revisited twice during
internal and external field testing.

Rigor Cycle
Existing knowledge from the KB consisted mainly of expertise
and experience from the development [26] and piloting of
iConquerFear [28], which was rigorously developed based on
the ConquerFear therapy manual [43] and iterative user
feedback. This knowledge was complemented by feedback on
the iConquerFear program from the TG-iConquerFear research
team. Research team members evaluated iConquerFear content
to assess suitability for survivors of CRC and the
therapist-guided format. Feedback was collected via email or
shared during live meetings. A selected group of research team

members reviewed all aspects of the modules, including
exercises, text, images, graphics, examples, and videos. Group
discussions were held to assess their relevance to survivors of
CRC experiencing elevated FCR. The unique needs and
challenges specific for survivors of CRC were also deliberated,
playing a crucial role in making intervention content more
personal and relatable. The core therapeutic concept of
iConquerFear, including general structure, therapeutic principles,
and key goals remained unaltered in TG-iConquerFear.

Design Cycle
Insights added through the relevance cycle and rigor cycle
contributed to the design science research consisting of
implementation of all knowledge and suggestions into
iConquerFear. The loop in the design cycle was between
members of the research team and 3 software designers. Multiple
iterations of the design cycle were conducted before internally
field-testing TG-iConquerFear version 1 in the environment as
part of a further relevance cycle. The 3 cycles allowed for an
iterative process resulting in a second version, which was
field-tested externally.

Field Testing
During both internal and external field testing, the intervention
was used as intended based on the original manual from PoCoG
(Psycho-Oncology Co-Operative Research Group) in Australia,
with therapist guidance provided over a span of 10 weeks. The
amount of therapist-guidance was measured by assessing the
quality, quantity and length of messages exchanged between
therapist and participant in each module. Every participant had
a designated personal therapist and messages were answered
within 3 working days. As the main focus of the guidance was
to increase engagement and adherence, the substance of the
guidance was not predetermined or restricted, and no limits
were established concerning frequency of communication. It
was planned that there would be communication between
participant and therapist at least once a week. Both therapist
and participant could initiate communication. Specific tasks for
the therapist included welcoming the participant, addressing
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inquiries regarding content and tools, providing feedback on
exercises within the program, and motivating engagement and
adherence.

Internal Field Testing
The internal field testing was performed within the research
team. The 2 survivors of CRC were test-participants and the 2
therapists, who have extensive experience in online therapy,
provided the guidance. Both the survivors of CRC and the
therapists gave written feedback on various feasibility measures,
including usability, adherence, acceptability, and safety after
each module and at the end of the intervention.

External Field Testing
For the external field testing, interested volunteers from the
bowel cancer association were informed about the project by
telephone by the primary investigator and subsequently screened
for eligibility via an online questionnaire sent directly to their
digital citizen mailbox (used for communication between
citizens and public authorities in Denmark). Volunteers were
eligible if they were aged 18 years or older, had completed
surgery for CRC with curative intent, were without sign of
recurrence, and gave electronic informed consent. A minimum
Fear of Cancer Recurrence Inventory–Short Form score of 13,
indicating moderate or higher FCR levels [44], was also
required. Volunteers were excluded if they self-reported clinical
levels of depression, psychotic illness, or abuse of alcohol or
drugs. Volunteer participants were given a unique link to the
online platform of TG-iConquerFear. The guidance was
performed by the same 2 therapists from the research team.
Participants and therapists were encouraged to provide written
feedback to the primary investigator on usefulness and
suggestions for improvement after completing each module,
and at the end of the intervention. This study was approved by

the Regional Research Ethics Committee of Southern Denmark
(S—20190061).

Results

TG-iConquerFear Version 1
During the initial relevance cycle, group interviews with
representatives from the environment (consumer representatives
and survivors of CRC) justified adapting iConquerFear to better
engage prospective participants. Identified challenges included
concerns about the complexity of pages overloaded with text
(“You need to get to the point faster”), relevance of certain
elements (such as sunscreen and breast palpation; “that just
annoys me”), videos featuring only women (“seems like
something only women have?”), and assessing further support
if needed. “… Being on your own” was a major concern, and
given that a large portion of end users are expected to be used,
the focus group participants favored asynchronous
communication. Suggestions for adaptations from the KB were
either general or focused on 2 key recommendations: enhancing
personal and relatable content, and adding guidance. Suggestions
for adaptations from the research team centered on how to
integrate therapist guidance, drawing from experience with
eHealth interventions targeting health anxiety, and how to tailor
hand-outs to address the specific needs of survivors of CRC,
particularly regarding follow-up and late effects. These
suggestions served as guidance for the design cycle, during
which the adapted TG-iConquerFear version 1 was crafted. The
specific adaptations made in response to these suggestions are
outlined in Figure 2.

TG-iConquerFear version 1 then progressed to the relevance
cycle, where it underwent internal field testing in the
environment.
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Figure 2. Specific adaptations made in response to suggestions from the environment and the knowledge base. CRC: colorectal cancer; FCR: fear of
cancer recurrence.

Internal Field Testing
The outcomes from the internal field testing are presented in
Table 2. The feedback was presented to the research team, who

determined that a second design cycle was necessary.
Adjustments were made to TG-iConquerFear version 1 (last
column in Table 2), leading to TG-iConquerFear version 2.
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Table . Outcomes from internal field testing and adjustments.

AdjustmentsFeasibility measure and feedback from end users

Usability

The intervention was adjusted to enable easier
access on smart phone and iPad.

“It has proven to be a barrier for me that the
system cannot be accessed via a smartphone. In
an already busy daily life, I repeatedly find that
I do not sit down at my PC.” [Female participant,
aged 51 years]

A therapist-monitored control panel with infor-
mation on all active participants within treatment,

“It takes really long time to figure out how far
the participants are within the program, and if

including registration of activity for each partic-they had made any new exercises since last
ipant, and expected date for completion of the
program was added.

therapist log-in.” [Female therapist, aged 38
years]

Usability of the asynchronous communication

No adjustments“In many ways, it’s easier to sit here and write
with you than if we were face to face - I like that
I have the opportunity to write something, con-
sider, rephrase, etc - or just write freely in a flood
of ‘unloading,’ depending on what I need on that
day.” [Female participant, aged 51 years]

No adjustments“For me as a therapist, asynchronous or delayed
communication between me and the patient,
means that I don’t have to schedule specific
agreed-upon sessions with patients… Addition-
ally, I can take my time to consider the responses
I give to patients. Sometimes, in face-to-face in-
teractions, it can be challenging to find the right
words or consider the right way to challenge the
patient in the moment. Asynchronous communi-
cation with the patients makes my work less
stressful and more flexible.” [Female therapist,
aged 48 years]

Adherence

In each module, two reflective questions with
tailored feedback were added to monitor if the

“We need a clear indication from the participants
on whether or not they have been working with

participants had engaged with the exercises ofthe tools and find them useful.” [Female thera-
pist, aged 38 years] the previous module, and if and how the exercis-

es had been helpful.

Acceptability

A lighthouse metaphor was added to explain
values, see Multimedia Appendix 2, for the full
formulation.

“The value-based module is too short for 14 days
of training, and it is not clear how the participant
should work with specific goals that are in line
with their values. This results in a rather quick
completion of the module and the participants
state rather vague and abstract goals without a
clear indication of when reaching the goal.”
[Female therapist, aged 48 years]

Information on the value-clarification exercise
was made more concrete so that the program it-

"I find especially the first exercises (ref: the value
clarification exercise) inadequately explained.

self was able to guide the participant through theFor academics with a background in social sci-
exercises leading the therapist to stand back and
support and evaluate.

ences, the explanations are not so difficult to in-
terpret, but they probably make up the smallest
part of the target audience, which is likely more
composed of older individuals from all social
strata. Among them, there may be many who
have difficulty benefiting from this module if
they are not further guided.” [Male participant,
aged 67 years]

Safety
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AdjustmentsFeasibility measure and feedback from end users

A paragraph on confidentiality was added in the
introduction.

“I hesitated to fully engage in this digital treat-
ment. I needed my therapist to ensure confiden-
tiality.” [Female participant, aged 51 years]

TG-iConquerFear Version 2
Following the adjustments from the first relevance cycle, the
second design cycle aimed to refine TG-iConquerFear version
1 further. Key modifications, as detailed in Table 2, were
implemented to address user feedback and enhance the
intervention’s feasibility. This second version underwent
external field testing within the environment.

External Field Testing
The external field testing took place from February to July 2022
at the Clinic for Functional Disorders at Aarhus University
Hospital in Denmark. It involved 5 volunteers from the Danish
Bowel Cancer Association. All 5 were survivors of colon cancer
and most were female (n=4), married (n=4), and employed
(n=4). Mean age was 54 (SD 10.2; range 42-71) years and
average time since diagnosis were 2.3 (SD 1.6) years (8 months
to 5 years).

Four test-participants completed all 5 modules, while 1
test-participant did not complete module 2. The amount of
therapist guidance averaged 15.2 (range 12‐23) messages per
participant, equating to 2.7 (range 2‐3.8) messages per module.
The mean length of a message was 196.8 (range 12‐745)
words. The messages addressed topics such as welcoming
participants, elaborating on goal setting (module 1), integrating
attention training and detached mindfulness into daily routines
(modules 2 and 3), and supporting participants in challenging
unhelpful metacognitions. No messages were prompted by
misunderstandings of the intervention content or technical
issues. Four out of 5 test-participants accessed the intervention
via smart phone or tablet. No test-participant reported troubles
with smart phone access, and no comments related to the
description of the values-clarification exercise, of which both
were adjusted after the internal field testing. Outcomes are
presented in Textbox 1.

Textbox 1. Outcomes from external field testing.

Positive feedback from test-participants

• “… I am slowly returning to life where cancer doesn’t occupy as much space. Not because it’s forgotten, but more integrated. The tools in your
investigation were really useful.” [Male, aged 71 years]

• “I use detached mindfulness regularly. Especially if I’m not occupied with something else at the moment, my mind tends to circle around cancer,
and I find that the method helps to stop that.” [Female, aged 43 years]

• “I am incredibly grateful that I was allowed to participate in this program. Even with the bumps along the way, it has been a huge help. In many
ways, it’s easier to sit here and write with you than if we were face to face - I like that I have the opportunity to write something, consider,
rephrase, etc - or just write freely in a flood of ’unloading,' depending on what I need on that day... Gold!” [Female, aged 51 years]

• “I feel so lucky being part of this program. While I sit here and write, I hear the birds singing. And enjoy it. I live my life fully. I do not postpone
things. I know there are late effects, but I will not have them ruin my mood…” [Female, aged 55 years]

Constructive feedback from test-participants

• “It could also be good if a notification could be sent in e-boks when there is a new message from my therapist.” [Female, aged 49 years]

• “… There should be some form of notification when there is new activity on the platform.” [Male, aged 71 years]

• “It could be good if one could see how far they are in the program - if the round circles on the front page could possibly change color when a
module is completed. I personally know how difficult it is to remember such things when there are several days in between.” [Female, aged 49
years]

• “I have copied my action plan step by step so that I can refer to it if I ‘forget’ it at times. Is it possible to have it compiled for printing at the end
of the program? - good to hang up where it is visible in everyday life.” [Female, aged 55 years]

• “…so that one can click into what concerns oneself - sometimes it can be quite depressing to read through a long list of late effects - it's not
certain that one has them all oneself, but one is reminded of one's vulnerability. Possibly bubbles on a page under ‘the box’ with ‘fatigue,’ ‘sleep
problems,’ etc…” [Female, aged 51 years]

The results were presented to the research team in April 2023.
The research team deemed TG-iConquerFear version 2 as
satisfactory. The minor suggestions from the external field
testing were not implemented due to time and resource
limitations but will be considered for future updates.

Discussion

Principal Findings
We adapted a self-guided eHealth intervention for FCR into a
tailored therapist-guided eHealth intervention aimed at survivors
of CRC guided by the Information System research framework.
The process was overseen by a multidisciplinary research team
including 2 survivors of CRC. Based on knowledge and
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experience in this team, both minor and major adaptations were
made. The addition of an embedded message system facilitating
therapist-participant communication was the primary change
in the iConquerFear program. However, during field testing it
became evident that additional content (eg, the Lighthouse
Metaphor or reflective questions) was necessary to optimize
adherence and facilitate guidance. Consequently,
TG-iConquerFear is more resource demanding than
iConquerFear, and we will evaluate the efficacy and
cost-effectiveness of these choices, which may limit scalability
(ClinicalTrials.gov NCT04287218).

The smooth adaptation of iConquerFear into TG-iConquerFear
was greatly facilitated by the extensive research led by the
Australian PoCoG evaluating ConquerFear and iConquerFear
[26-28,45]. This prior work served as a valuable foundation,
allowing us to expedite the launch of the randomized controlled
trial, as comprehensive testing of intervention content had
already been conducted. Below, we discuss considerations
related to the two key requests that emerged from pilot testing
of iConquerFear [26] which we addressed in the first round of
adaptation to TG-iConquerFear version 1.

Considerations on How to Enhance “Personal and
Relatable” Properties
Some iConquerFear pilot test participants [26] indicated that
certain content within the program felt impersonal or unrelatable.
Two main directions were considered to promote engagement
by tailoring the intervention [46]: targeting a specific gender
(men) or targeting a single cancer type (CRC). Choosing a
gender-based approach simplifies the selection of colors, images,
patients featured in videos, and examples, aiming for enhanced
engagement among participants of a specific gender. However,
several modules include content pertaining to specific cancer
types, for instance, living in alignment with one’s values, where
focusing on a specific cancer type such as CRC allows for
framing personal examples closely tied to everyday life such
as “what if my ostomy leaks?” Similarly, cancer type plays a
defining role in shaping the cancer follow-up program, advisory
elements, and the identification of alarm symptoms to be
monitored. These elements do not apply universally to a specific
gender, and one could argue that cancer type is a more defining
factor in determining the specific needs reported by cancer
survivors, rather than gender alone [47]. For instance, a female
survivors of CRC is likely to have far more in common with a
male survivor of CRC than a female survivor of breast cancer.
By considering the cancer type and adjusting relevant advisory
elements, the intervention was customized to meet the unique
needs of individuals based on their specific cancer experiences.
This tailored approach balances scalability and engagement by
ensuring that the content remains relevant, relatable, and
meaningful to participants, hopefully enhancing the engagement
and effectiveness of the TG-iConquerFear intervention. No end
user feedback was received regarding impersonal or unrelatable
content after adaptation.

A third option involves the creation of distinct intervention
versions with personalized content based on demographic factors
such as age, gender, cancer type, or needs, thereby presenting
only pertinent content to individual participants although this

approach risks relevant content being excluded due to individual
differences in patient needs and how they report them. However,
the software used for our intervention was incapable of
accommodating such customization. Furthermore, implementing
this approach would have necessitated a substantial allocation
of time and resources beyond our available capacity.
Nonetheless, this avenue remains an intriguing prospect for
future research endeavors, warranting further exploration and
consideration.

Consideration on How to Add Therapist Guidance
Some participants in the iConquerFear pilot expressed a desire
for personal contact with a researcher or clinician [26], which
was seen as a potential way to motivate engagement with and
potential benefit from the 8‐10 week duration of the program.
This is in line with a recent meta-review [46]. The potential
benefit of adding guidance was also noted by researchers from
the cancer recurrence self-help training trial, who found no
effect of CBT-based online self-help training [48]. The choice
of asynchronous communication was supported by end users
and therapists, and the amount of guidance was consistent
through the intervention. Reflective questions were incorporated
into TG-iConquerFear version 1 at the therapists’ request after
each module to monitor adherence and perceived usefulness.
Participants received automated tailored feedback momentarily,
in accordance with recommendations from the literature [46,49],
allowing them to seamlessly continue with the intervention, and
these reflective questions facilitated a dialogue between
participant and therapist regarding the usefulness of the module
content, and strategies to enhance participant outcomes.

Other Strategies to Enhance Adherence

Easy Access
Difficulties in integrating the intervention into daily life
activities, as exemplified by an internal test-participant, have
also been reported in the literature as a barrier for adoption and
adherence when targeting fatigue [50]. This issue is closely
related to the barrier of perceived time burden associated with
participating in digital interventions [46]. Given that only minor
changes were required to adapt the TG-iConquerFear version
1 to fit a smart-phone layout, this aspect was prioritized.

Promoting Competence
In TG-iConquerFear version 1, the value-based model was
inadequately explained, leading to a lack of self-competence
reported by an internal test-participant. Competence can be
promoted by encouraging users to set graded goals with smaller
achievable steps, thereby increasing confidence through
experiences of success as described in the person-based
approach to intervention development [8]. Adjustments were
made to clearly outline how to work with goals and values to
fully use the module’s potential. Additionally, tailored feedback
was provided to congratulate success in goal achievement and
offer remedial advice if goals were not attained [8].

Reminders
Technology-based reminders (eg, prompts) have the potential
to promote engagement with digital interventions [1,46],
particularly when participants choose to receive them [51]. Since
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2 external test-participants explicitly suggested reminders, this
could be considered for future updates. However, it should be
noted that no studies in these reviews specifically targeted FCR,
and the effect of distributing reminders, which could potentially
trigger FCR, in this patient population remains unknown.

The TG-iConquerFear version 2 was deemed ready despite
further suggestions for improvement, and in May 2023, a
randomized controlled trial investigating TG-iConquerFear
versus augmented treatment as usual was launched [52]. The
suggestions, though noted, were seen as relatively minor, and
addressing them would have required a significant allocation
of resources disproportionate to their perceived impact. Given
that each cycle typically generates some feedback, the
multidisciplinary research team convened to make a decision
regarding the intervention’s readiness for the randomized
controlled trial.

Strengths and Limitations
The process of adaptation was guided by an existing framework
for information system research. The framework allows for
multiple iterative processes, which were needed in this study.
It is a strength of this study that the KB comprised insights from
multiple sources. The therapists performing the guidance were
experienced in delivering anxiety-related online therapy, and
the software designers facilitating the adaptation process in the
design cycle had expertise in health care software development.
The field testing participants were relatively newly diagnosed
and the females were younger than the average female patient
with colon cancer. Changes due to their comments may have
slightly shifted the focus of the final version of the intervention
to address a somewhat younger audience. However, as FCR is
more prevalent in younger than older survivors [53], and the
incidence of CRC in younger patients continues to increase
[54], this may be an advantage. Furthermore, we only included
5 participants in the external field testing, but all 5 participants
completed all or almost all modules. This study aimed to test
the adaptation of an already feasible and pilot tested
intervention, which is why the small sample size was accepted.
No patients with rectal cancer were included in the test group.
We have no reasons to believe that their feedback would be any
different as needs and late effects are comparable [55,56].

Clinical Implications
This study demonstrates a process to adapt a self-guided eHealth
intervention into a tailored therapist-guided eHealth intervention,
which could help efficiently address survivorship concerns such
as FCR. Guided eHealth interventions are effective supplements
to face-to-face intervention and could be a valuable step in a
stepped-care model, where self-guided interventions might be
the first step for survivors with mild symptoms [57,58]. Guided
interventions require some level of involvement of health
personnel, but can significantly increase the accessibility and
reach of psychological interventions while promoting
engagement and efficacy [14]. Determining the optimal dose
of guidance for the severity of symptoms is needed [29].

Future Directions
The quality and content of therapist guidance will be assessed,
alongside the investigation of TG-iConquerFear’s efficacy in
a larger, more diverse population across Denmark [52].
Additionally, further evaluation of TG-iConquerFear’s
performance across various devices, including smartphones or
iPhone, tablets or iPads, and computers, will help refine its
usability and ensure compatibility across platforms, thereby
increasing scalability. Future studies should investigate the
usability of eHealth interventions such as TG-iConquerFear for
patients experiencing late effects such as fatigue and peripheral
neuropathy, particularly in relation to content load and the
touchscreen-based exercises. Finally, linking TG-iConquerFear
with health apps or smartwatches could provide valuable insights
into the usage of the intervention combined with, for example,
participant activity levels and heart rate, allowing for an
evaluation of the interplay between intervention content and
bio-physiological and behavioral parameters.

Conclusion

It is possible to successfully adapt a self-guided eHealth
intervention for people with FCR into a tailored therapist-guided
intervention. This paper provides an overview of the process
and lists considerations based on experience. The described
procedure can be used in similar settings where the wish is to
incorporate guidance in an existing self-guided eHealth
intervention.
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Abstract

This Viewpoint proposes a robust framework for developing a medical chatbot dedicated to radiotherapy education, emphasizing
accuracy, reliability, privacy, ethics, and future innovations. By analyzing existing research, the framework evaluates chatbot
performance and identifies challenges such as content accuracy, bias, and system integration. The findings highlight opportunities
for advancements in natural language processing, personalized learning, and immersive technologies. When designed with a
focus on ethical standards and reliability, large language model–based chatbots could significantly impact radiotherapy education
and health care delivery, positioning them as valuable tools for future developments in medical education globally.
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Introduction

The integration of artificial intelligence (AI) in health care has
rapidly evolved, with large language models (LLMs) such as
ChatGPT at the forefront of this change [1-3]. These models,
trained on vast datasets, have shown remarkable potential in
various domains, including health care, by understanding and
generating human-like text [4]. Unlike traditional rule-based

chatbots, LLM-based systems can engage in complex
conversations, answer medical queries, assist in symptom
checking, and provide personalized health advice [5]. This
capability is largely due to their training on extensive medical
literature and patient data [6], which allow them to access and
synthesize information in ways that were previously
unimaginable [7]. The relationship between AI, machine
learning, natural language processing (NLP), LLMs, and
generative pretrained transformers is shown in Figure 1.
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Figure 1. Relationships between key concepts in artificial intelligence, including machine learning, natural language processing, large language models,
and generative pretrained transformers.

The deployment of LLM-based chatbots in health care is driven
by the growing demand for accessible information and the need
to alleviate the burden on health care systems [8]. These chatbots
operate 24-7, providing immediate responses to patient inquiries;
enhancing patient education; and supporting telemedicine,
mental health, and chronic disease management [9-13].
However, their integration also presents challenges, such as
ensuring the accuracy of information, avoiding biased responses,
and safeguarding patient privacy [14].

Radiotherapy is a specialized field within oncology that demands
precise and accurate information for effective treatment planning
and education [15]. Unlike general medical topics, it involves
complex concepts such as dose distribution, radiation physics,
and the biological effects of ionizing radiation. Inaccurate
information can lead to severe consequences, including
inadequate treatment or harm to patients, making reliable
dissemination critical [16].

Radiotherapy education serves 3 primary groups: patients,
radiation staff, and the public. Patients require clear and
empathetic guidance to understand their treatment, manage
expectations, and make informed decisions, improving
adherence and outcomes [17]. For health care professionals,
education focuses on advanced training in treatment planning,
safety protocols, and technological advancements to ensure high
standards of care [18]. Public education, meanwhile, aims to
demystify radiotherapy, reduce stigma, and promote awareness
of its benefits, fostering trust in cancer treatment systems [19].

Providing accurate and ethically shared information across these
groups is vital to ensure safety, informed decision-making, and
the effective application of radiotherapy.

This Viewpoint explores a framework for integrating
LLM-based chatbots in radiotherapy education, designed to
ensure accuracy, reliability, and ethical integrity. The framework
incorporates 3 key components: a controlled and curated
database, a robust quality control system, and continuous
monitoring mechanisms [20]. The curated database includes
only verified and relevant medical literature and patient data,
ensuring that the chatbot’s responses are accurate and up to
date. The quality control system involves regular audits,
database updates, and algorithms to identify and correct
inaccuracies or biases. Continuous monitoring tracks the
chatbot’s performance, enabling real-time adjustments and
improvements [20]. By addressing challenges such as
misinformation and patient privacy, this framework establishes
a trustworthy and effective tool in radiotherapy education.
Furthermore, it sets a new standard for AI-driven tools in
specialized health care education by focusing on accuracy,
reliability, and ethical integrity [20,21].

Ultimately, the ethical design and use of LLM-based medical
chatbots involve collective efforts from policy makers and
governments to maximize benefits while mitigating risks such
as data privacy breaches and algorithmic bias [22].
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Current State of Medical Chatbots

Development and Implementation of LLM-Based
Chatbots
The development and implementation of LLM-based chatbots
in health care have marked a significant evolution from earlier
chatbot technologies. Unlike traditional rule-based systems that
operated within a limited scope, LLM-based chatbots such as
those powered by OpenAI’s ChatGPT have demonstrated the
ability to understand and generate natural language with
remarkable fluency and contextual awareness [23]. This
advancement has led to a broad range of applications in health
care, where these chatbots are being used to support patient
interaction, provide medical information, assist with diagnosis,
and streamline administrative tasks. A review of current
LLM-based medical chatbots reveals a diversity of
functionalities tailored to various health care needs [24]. One
prominent example is ChatGPT itself, which has been adapted
for use in several health care settings. ChatGPT can engage in
detailed conversations with patients, answering questions about
symptoms, explaining medical conditions, and providing
guidance on the next steps in care. Its ability to understand
nuanced queries and generate contextually appropriate responses
has made it a valuable tool for preliminary consultations,
particularly in telemedicine where immediate access to health
care professionals may be limited [25]. Another notable use
case is the deployment of LLM-based chatbots for chronic
disease management [13]. These chatbots are designed to assist
patients in managing conditions such as diabetes, hypertension,
and asthma by providing personalized advice, reminding them
to take medication, and offering lifestyle recommendations
based on their medical history and real-time data inputs; for
example, some LLM-based chatbots integrate with wearable
devices to monitor patient vitals and deliver timely interventions,
improving adherence to treatment plans and potentially reducing
the need for emergency care [26]. In addition to patient-facing
applications, LLM-based chatbots have been implemented to
support health care professionals. These chatbots can function
as web-based assistants, helping clinicians with tasks such as
documentation, coding, and accessing up-to-date medical
literature; for instance, some systems are designed to summarize
patient records, extract relevant clinical information, and even
suggest differential diagnoses, thereby enhancing the efficiency
of clinical workflows [27]. In research settings, LLM-based
chatbots are used to assist in data analysis, generate research
hypotheses, and streamline the process of literature review by
quickly summarizing large volumes of academic papers.

The flexibility and scalability of LLM-based chatbots have also
enabled their adoption in mental health support. Chatbots such
as Woebot [28] and Wysa [29] use LLMs to engage in
therapeutic conversations, offering cognitive behavioral therapy
techniques, mood tracking, and crisis intervention. These tools
provide users with immediate access to mental health support,
which is particularly valuable in regions with limited access to
mental health professionals or during times when in-person
therapy is not feasible. While the functionalities and use cases
of LLM-based chatbots in health care are vast, the
implementation of these tools is not without challenges.

Ensuring the accuracy and reliability of the information provided
by these chatbots is crucial, especially in scenarios where they
are used for diagnosis or treatment recommendations. Moreover,
the ethical implications of using AI in patient care, particularly
in terms of data privacy and informed consent, require careful
consideration [30]. Despite these challenges, the ongoing
development and refinement of LLM-based chatbots continue
to push the boundaries of what is possible in health care, offering
promising avenues for improving patient care, enhancing health
care delivery, and supporting the work of health care
professionals.

Strengths and Limitations
The implementation of LLM-based chatbots in health care,
particularly in specialized fields such as radiotherapy, offers
both significant strengths and notable limitations. As these
advanced AI-driven tools become more integrated into medical
practice, it is crucial to understand their advantages and
challenges to optimize their use while mitigating potential risks.

Strengths
One of the primary strengths of LLM-based chatbots is their
ability to process and generate natural language with a high
degree of fluency and context sensitivity. This capability allows
them to engage in detailed and nuanced conversations with both
patients and health care professionals, making complex medical
information more accessible and understandable. In
radiotherapy, where patients often face intricate treatment
regimens and technical jargon, an LLM-based chatbot can break
down complex concepts into simpler terms, enhancing patient
comprehension and engagement. This improved communication
can lead to better patient adherence to treatment plans and a
more informed patient population, which is essential for the
success of radiotherapy [17]. Another significant advantage of
LLM-based chatbots is their scalability and availability. These
chatbots can provide consistent, round-the-clock support,
making them particularly valuable in settings where access to
health care professionals may be limited. In radiotherapy, where
timely information is critical, a chatbot can offer immediate
answers to patient queries, provide pretreatment education, and
even guide patients through posttreatment care [31]. This
constant availability helps reduce the burden on health care
providers, allowing them to focus on more complex cases and
personalized care. Furthermore, LLM-based chatbots can be
regularly updated with the latest medical research and
guidelines, ensuring that the information they provide remains
current. In a field such as radiotherapy, where treatment
protocols and technologies are continuously evolving, this ability
to quickly incorporate new knowledge is a significant strength.
It enables the chatbot to serve as a reliable resource for both
patients and health care professionals, supporting evidence-based
practice and reducing the likelihood of outdated or incorrect
information being disseminated [32].

Limitations
Despite their strengths, LLM-based chatbots also present several
limitations, particularly in specialized medical fields such as
radiotherapy. One of the most pressing challenges is ensuring
the accuracy and reliability of the information provided by these
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chatbots [20]. While LLMs can generate text that seems
plausible and coherent, they may occasionally produce incorrect
or misleading information, especially when faced with highly
specialized or uncommon queries. In radiotherapy, where precise
details about treatment options, dosimetry, and potential side
effects are crucial, even small inaccuracies can have serious
consequences for patient care. Another limitation is the potential
for LLM-based chatbots to oversimplify complex medical
information. While simplifying language is essential for patient
comprehension, there is a risk that crucial nuances may be lost,
leading to misunderstandings or incomplete knowledge. In
radiotherapy, where patients need to fully understand their
treatment options, the risks, and the benefits, this
oversimplification could impact their ability to make informed
decisions [3]. Ethical considerations also pose significant
challenges for the implementation of LLM-based chatbots in
health care. Issues related to patient privacy, data security, and
the potential for bias in the AI’s responses are critical concerns.
In radiotherapy, where patients are dealing with life-altering
decisions and sensitive health information, ensuring that the
chatbot operates within strict ethical guidelines is essential.
There is also the challenge of maintaining transparency in how
these chatbots operate and ensuring that patients are fully aware

that they are interacting with an AI, not a human health care
provider. Moreover, the reliance on LLM-based chatbots could
potentially lead to an overdependence on AI at the expense of
human interaction. In specialized fields such as radiotherapy,
the human touch is often crucial for providing emotional support
and addressing the psychosocial aspects of care. While chatbots
can provide information and support, they cannot replace the
empathy and personalized care that human health care providers
offer [33].

Summary
Table 1 summarizes the key advantages and challenges
associated with the deployment of LLM-based chatbots in health
care, particularly in the context of radiotherapy, where precision,
ethical considerations, and human interaction are critical. It is
seen that while LLM-based chatbots offer significant strengths,
including enhanced communication, scalability, and up-to-date
information, they also come with limitations that must be
carefully managed. In specialized fields such as radiotherapy,
where there is a need for compassion in addition to accurate
information as the users may be in stressful situations, the
deployment of these chatbots requires a well–thought-out
framework that maximizes their benefits while addressing their
inherent challenges.

Table 1. Strengths and limitations of large language model–based chatbots in specialized medical fields such as radiotherapy.

LimitationsStrengthsAspect

Natural language process-
ing

•• Risk of generating incorrect or misleading informationFluent, context-aware communication
• •Simplifies complex medical information for better

patient understanding
Potential oversimplification of complex concepts, leading
to misunderstandings

Availability and scalabil-
ity

•• Overdependence on AIa could reduce human interaction,
which is vital in emotionally supportive care, particularly
in radiotherapy

24-7 availability for patient and health care
provider support

• Reduces the burden on health care professionals
by handling routine queries

Up-to-date information •• Challenges in maintaining the accuracy of specialized infor-
mation, especially as new research emerges and medical
knowledge evolves

Can be regularly updated with the latest research
and guidelines, ensuring that the information pro-
vided is current

Patient engagement •• Risk of inadequate personalization, potentially leading to
generic advice that does not fully meet individual patient
needs

Enhances patient education and engagement
through personalized, accessible information

• Supports informed decision-making in complex
treatments

Ethical considerations •• Issues related to patient privacy, data security, and AI biasCan be programmed to follow ethical guidelines,
ensuring responsible dissemination of medical in-
formation

• Potential lack of transparency in AI operations, affecting
trust

Efficiency in health care •• Dependency on chatbot accuracy for clinical tasks might
introduce errors if the chatbot provides incorrect or incom-
plete information

Improves efficiency by assisting in documentation,
coding, and access to medical literature for health
care providers

aAI: artificial intelligence.

Impact on Patient Education and Health Care Delivery

Influence on Patient Education
LLM-based chatbots play a significant role in enhancing patient
education by making complex medical information more
accessible. In specialized fields such as radiotherapy, where
patients must understand intricate treatment protocols and

potential side effects, chatbots provide a valuable resource for
simplifying and clarifying these concepts. By translating
technical jargon into clear language, chatbots help patients grasp
the fundamentals of their treatment, which can be crucial for
their engagement and adherence. Moreover, chatbots can offer
tailored educational content based on individual patient profiles;
for example, a chatbot might provide specific information about
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the type of radiotherapy a patient is receiving, potential side
effects relevant to their case, and strategies for managing these
side effects [31,34]. This personalized approach ensures that
patients receive relevant information that directly pertains to

their situation, enhancing their understanding and preparedness
for their treatment journey. Figure 2 shows a typical dialogue
flowchart for a chatbot in radiotherapy education.

Figure 2. Typical dialogue flowchart for a chatbot used in radiotherapy education.

Impact on Decision-Making
In addition to enhancing patient education, LLM-based chatbots
significantly influence patient decision-making. By providing
timely and accurate information, these tools empower patients
to make informed choices about their treatment options; for
instance, a chatbot can help patients compare different
radiotherapy techniques, discuss the potential benefits and risks
of each option, and address any concerns they may have. This
support is especially valuable in radiotherapy, where patients
often face complex decisions about their care [32]. The chatbot’s
ability to offer evidence-based information and answer questions
in real time helps reduce uncertainty and anxiety, allowing
patients to engage more effectively in their treatment planning.
Furthermore, by facilitating a deeper understanding of their
condition and treatment options, chatbots contribute to a more
collaborative decision-making process between patients and
their health care providers.

Enhancement of Health Care Delivery
The implementation of LLM-based chatbots also has a notable
impact on the overall delivery of health care. These tools
streamline administrative tasks, such as appointment scheduling,
medication reminders, and follow-up care, thus freeing up health
care professionals to focus on more complex patient interactions
[35]. In radiotherapy, where treatment regimens are often
intensive and require careful management, chatbots can help
monitor patient progress, manage treatment schedules, and
provide reminders for follow-up appointments or adherence to
prescribed protocols. In addition, chatbots can assist in triaging
patient queries, directing them to appropriate resources or health
care professionals based on the nature of their concerns [36].

This efficient handling of inquiries helps ensure that patients
receive timely and relevant support, which can improve their
overall experience and satisfaction with their care.

Challenges in Deploying LLM-Based Medical Chatbots

Overview
Despite the promising advancements and benefits of LLM-based
medical chatbots, their deployment in health care settings is
accompanied by several significant challenges. These challenges
span various critical areas, including the accuracy and reliability
of the information provided, privacy and data security concerns,
ethical considerations, and the potential for misinformation.
Addressing these issues is essential to ensure that chatbots
contribute positively to health care delivery while mitigating
risks.

Accuracy and Reliability
Ensuring the accuracy and reliability of medical information
provided by LLM-based chatbots is a critical challenge that
affects their effectiveness and safety in health care settings. The
complexity of medical knowledge and the rapid evolution of
treatment protocols present significant hurdles in maintaining
the precision of information delivered by these AI tools. One
major challenge is the inherent nature of LLMs, which are
trained on vast datasets that include a wide range of information
sources. While this breadth of data allows chatbots to generate
responses to a variety of queries, it also means that the
information they provide can be inconsistent or outdated [37].
In the context of radiotherapy, where treatment guidelines and
protocols are continually updated based on the latest research,
ensuring that a chatbot reflects the most current and accurate
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information is crucial. Failure to do so can result in the
dissemination of outdated or incorrect treatment
recommendations, potentially compromising patient safety [20].

In addition, LLM-based chatbots rely on pattern recognition
and probabilistic inference rather than deep, context-specific
understanding [38]. This approach can sometimes lead to the
generation of plausible but inaccurate answers, especially when
dealing with rare or complex medical scenarios; for example,
a chatbot might provide general information about radiotherapy
but struggle with specifics related to individual patient
conditions or less common treatment modalities [4]. This
limitation highlights the need for robust validation processes to
ensure that the chatbot’s responses are not only accurate but
also relevant to the user’s specific context. Another aspect of
accuracy and reliability involves the management of the
chatbot’s knowledge base [39]. Regular updates and reviews
are necessary to keep the information current and accurate. This
process requires a continuous feedback loop from health care
professionals who can assess and correct any inaccuracies or
gaps in the information provided by the chatbot. Implementing
such a system involves collaboration between AI developers
and medical experts to ensure that the chatbot’s responses align
with the latest evidence-based practices. Moreover, there is a
challenge in balancing the chatbot’s ability to generate detailed
responses with the need to provide clear and concise information
[40]. Overly complex or technical explanations can be difficult
for patients to understand, while overly simplified answers may
omit critical details. Striking the right balance is essential to
provide information that is both accurate and accessible to users
with varying levels of medical knowledge.

Privacy and Data Security
Privacy and data security are paramount concerns when
deploying LLM-based chatbots in health care, given the sensitive
nature of patient information handled by these tools. Ensuring
the protection of these data against unauthorized access and
breaches is essential to maintaining patient trust and complying
with regulatory requirements [19]. One of the primary challenges
in safeguarding patient data involves ensuring compliance with
privacy regulations such as the Health Insurance Portability and
Accountability Act in the United States [41] or the General Data
Protection Regulation in Europe [42]. These regulations mandate
stringent measures for the collection, storage, and handling of
personal health information. LLM-based chatbots must be
designed to adhere to these regulations, incorporating robust
data encryption methods, secure storage solutions, and strict
access controls to protect sensitive patient information from
breaches and unauthorized access. Data transmission security
is another critical aspect. When chatbots interact with patients,
the data exchanged—such as medical history, treatment details,
and personal identifiers—must be encrypted to prevent
interception by malicious actors. Implementing secure
communication protocols, such as transport layer security, helps
ensure that data transmitted between the chatbot and the user
are protected from eavesdropping and tampering [43]. In
addition, managing user consent and data use transparency is
crucial for maintaining privacy. Patients must be informed about
what data are being collected, how the data will be used, and
their rights regarding their information. Clear consent

mechanisms should be integrated into the chatbot’s design,
allowing users to provide informed consent before any data
collection occurs. This transparency helps build trust and ensures
that patients are aware of how their data are being handled.

Another challenge is ensuring that data anonymization and
deidentification practices are effectively applied. Even when
data are stored or processed for purposes such as improving
chatbot performance or training new models, it is essential to
anonymize the data to prevent the identification of individual
patients. Proper anonymization techniques reduce the risk of
sensitive information being exposed in case of a data breach.
Moreover, continuous monitoring and auditing of the chatbot’s
security systems are necessary to identify and address potential
vulnerabilities. Regular security assessments, including
penetration testing and vulnerability scanning, help ensure that
the chatbot’s infrastructure remains resilient against emerging
threats. Promptly addressing any identified weaknesses is crucial
for maintaining the overall security of patient data.

Ethical Considerations

Overview

The deployment of LLM-based chatbots in health care raises
several ethical dilemmas that must be carefully addressed to
ensure the responsible and fair use of AI. Key ethical concerns
include AI decision-making processes, transparency, and
accountability, each of which plays a critical role in maintaining
trust and integrity in health care interactions [44]. To address
these concerns, transparency can be enhanced by developing
clear documentation that explains the chatbot’s decision-making
processes, including data sources and logic. Bias detection and
mitigation tools, such as fairness-aware algorithms, should be
used to identify and correct biases in real time. Regular audits
by independent third parties can ensure compliance with ethical
standards.

User feedback mechanisms are essential for identifying and
addressing ethical issues. Users should be able to report concerns
or errors, which should be promptly reviewed and acted upon.
In addition, clear guidelines for human oversight must be
established, defining the roles of health care professionals in
monitoring chatbot interactions. By incorporating these detailed
suggestions, processes, and tools, we can better address ethical
issues and promote the responsible use of AI in health care [18].

Long-Term Societal Impacts

The widespread adoption of ChatGPT and similar technologies
could significantly reshape the job market, potentially leading
to both job displacement and the creation of new opportunities,
necessitating reskilling and upskilling programs to mitigate
negative impacts. Moreover, AI technologies might exacerbate
economic inequalities if their benefits are not equitably
distributed, highlighting the need for policies that promote
inclusive growth. The integration of AI into daily life could
alter social interactions, reducing human-to-human contact and
impacting social skills and relationships, thus requiring a balance
between AI use and genuine human connection. These changes
underscore the importance of robust ethical governance
frameworks involving diverse stakeholders to ensure that AI
development aligns with societal values and ethical principles,
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addressing emerging challenges and opportunities through
continuous dialogue and adaptive regulation.

AI Decision-Making

One of the central ethical issues is the decision-making
capability of AI systems. Unlike human health care providers
who can apply clinical judgment and empathy, LLM-based
chatbots operate based on algorithms and data patterns [45].
This raises questions about the extent to which these systems
can make ethical decisions, especially in complex or nuanced
medical scenarios; for instance, while chatbots can provide
general information and support, they may lack the ability to
fully understand the context of a patient’s situation or the ethical
implications of certain recommendations [46]. Ensuring that
AI-driven tools align with ethical guidelines and medical
standards is essential to avoid potentially harmful outcomes.

Transparency

Transparency in AI decision-making is another critical ethical
consideration. Patients and health care professionals need to
understand how chatbots generate their responses and make
recommendations. This includes clarity about the data sources
and algorithms that drive the chatbot’s behavior. Without
transparency, there is a risk that users might overestimate the
chatbot’s capabilities or misinterpret its advice. Providing clear
information about the chatbot’s operational mechanisms helps
build trust and allows users to make informed decisions about
how to use the tool effectively [47]. Furthermore, transparency
extends to the disclosure of limitations and potential biases
inherent in the AI system. Chatbots are trained on datasets that
may reflect existing biases or incomplete information, which
can affect the fairness and objectivity of their responses [48].
Openly communicating these limitations and actively working
to mitigate bias are crucial for maintaining ethical standards
and ensuring that the chatbot serves all users equitably.

Accountability

Accountability is a significant ethical issue concerning the use
of LLM-based chatbots. Determining who is responsible for
the chatbot’s recommendations and decisions is essential,
particularly in cases where incorrect or harmful information is
provided. Clear lines of accountability must be established,
involving both the developers who create and maintain the
chatbot and the health care providers who deploy it. This
includes ensuring that there are mechanisms for addressing
errors or issues that arise from the chatbot’s interactions with
users [49]. In addition, it is important to have protocols in place
for managing situations where the chatbot’s advice might lead
to adverse outcomes [50]. This includes providing a way for
users to report issues and seek redress, as well as ensuring that
there are processes for continuous improvement based on
feedback and incident analysis. Effective oversight and
governance structures help ensure that ethical standards are
upheld and that the chatbot contributes positively to patient
care.

Potential for Misinformation

Overview

The potential for misinformation is a critical concern in the
deployment of LLM-based medical chatbots. Given their
reliance on vast datasets and sophisticated algorithms, these
chatbots can inadvertently spread incorrect or misleading
information, which poses significant risks to patient health and
safety. As deep learning pioneer Geoffrey Hinton has noted,
neural networks can share what they learn instantly [22];
therefore, any erroneous messages can spread instantaneously,
making unwanted wide impact.

Sources of Misinformation

One key source of misinformation is the quality and accuracy
of the training data used to develop the chatbot. LLMs are
trained on diverse datasets that include information from various
sources, some of which may be outdated, biased, or inaccurate.
If a chatbot’s training data contain erroneous or misleading
content, there is a risk that the chatbot will replicate and
disseminate these inaccuracies in its responses. In fields such
as radiotherapy, where precise and current information is crucial,
the presence of outdated or incorrect data can lead to harmful
consequences for patients relying on the chatbot for guidance
[51]. Another potential source of misinformation is the chatbot’s
ability to generalize information [52]. While LLM-based
chatbots can handle a wide range of queries, they may not
always be adept at distinguishing between general knowledge
and specific, context-sensitive details. This limitation can lead
to the generation of responses that are technically correct but
fail to address the nuances of individual patient situations [53];
for example, a chatbot might provide general advice on radiation
safety but miss specific recommendations tailored to a patient’s
unique treatment plan.

Risks and Consequences

The spread of incorrect or misleading information by medical
chatbots can have serious repercussions for patient care. Patients
may make health-related decisions based on inaccurate
information, which can result in inappropriate or ineffective
treatments. In radiotherapy, where treatment decisions are
complex and require careful consideration of numerous factors,
relying on incorrect information can lead to suboptimal care or
adverse outcomes. Moreover, misinformation can erode trust
in health care technology. If patients or health care providers
encounter inaccuracies or inconsistencies in the information
provided by a chatbot, their confidence in the tool’s reliability
and usefulness may be undermined. This loss of trust can
diminish the chatbot’s effectiveness and impact its acceptance
and integration into health care practices.

Mitigation Strategies

To mitigate the risks associated with misinformation, several
strategies can be used [54]. Regular updates and maintenance
of the chatbot’s knowledge base are essential to ensure that it
reflects the most current and accurate information. Collaboration
with medical experts and continuous validation of the chatbot’s
responses help identify and correct inaccuracies. Implementing
mechanisms for user feedback and reporting can also provide
valuable insights into potential issues and facilitate prompt
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resolution. Furthermore, incorporating a system of checks and
balances, such as providing disclaimers that emphasize the
chatbot’s limitations and the need for professional medical
consultation, can help manage user expectations. Ensuring that
the chatbot directs users to seek advice from qualified health
care professionals when necessary can prevent reliance on
potentially flawed or incomplete information [55].

Proposed Framework for a Resilient
Medical Chatbot in Radiotherapy
Education

Database Management and Control
Effective database management is crucial for developing a
resilient medical chatbot in radiotherapy education. The integrity
of the chatbot’s responses depends heavily on the accuracy and
timeliness of the information it accesses. To achieve this, a
robust strategy for building and maintaining a controlled
database is essential [56]. The first step in this strategy involves
curating a comprehensive and authoritative database from
verified medical sources, such as peer-reviewed journals, clinical
guidelines, and expert consensus statements. This curated
database should be dynamic, with automated systems in place
for continuous updates. The proposed framework incorporates
an AI-driven mechanism for real-time monitoring of new
publications and guidelines, ensuring that the database remains
current and reducing the risk of disseminating outdated or
inaccurate information [57]. To implement this, automated
updates could leverage web scraping tools or application
programming interface integrations to collect and validate data
against trusted sources. The database should use meta-tagging
and hierarchical organization for efficient data management and
retrieval. Meta-tagging can be achieved using NLP algorithms
to assign contextual keywords, improving the chatbot’s ability
to interpret and respond to user queries accurately. A
hierarchical data structure, such as a tree- or graph-based model,
can prioritize data by relevance and reliability, ensuring that
the chatbot provides the most appropriate responses [58,59]. In
addition, periodic audits of the database should be conducted
to verify its accuracy and adherence to updated guidelines.

Maintaining control over the database is equally important. This
involves setting strict protocols for data entry and modification,
with access restricted to authorized personnel who are well
versed in radiotherapy and medical education. Regular audits
of the database content should be conducted to identify and
rectify any inconsistencies or errors [57]. In addition, using
version control systems can help track changes, allowing for
the restoration of previous database states if needed, which
further enhances the reliability of the chatbot. To ensure that
the database remains resilient against emerging challenges such
as misinformation or biased data, a layered review process
should be integrated. This involves cross-referencing new data
entries with multiple sources and using machine learning
algorithms to detect and flag anomalies or conflicting
information [60]. By implementing these strategies, the database
management and control framework will serve as the foundation
for a resilient medical chatbot capable of providing accurate,
reliable, and up-to-date information in radiotherapy education.

Quality Control System
A robust quality control system is vital for ensuring the
reliability and effectiveness of a medical chatbot in radiotherapy
education. The system must be designed to maintain the highest
standards of accuracy, relevance, and trustworthiness in the
chatbot’s content, which requires regular reviews, timely
updates, and stringent validation processes [61]. The cornerstone
of this quality control system is the implementation of a
multitiered review process. This begins with the periodic
assessment of the chatbot’s content by a panel of experts in
radiotherapy and medical education. These experts should
evaluate the chatbot’s responses for accuracy, clarity, and
consistency with current clinical practices. Regularly scheduled
reviews ensure that the content remains aligned with the latest
advancements in radiotherapy and adheres to evolving
educational standards [4].

In addition to expert reviews, the quality control system should
include automated checks and balances. Machine learning
algorithms can be deployed to continuously monitor the
chatbot’s interactions, identifying patterns of errors or
discrepancies in the responses [62]. These algorithms can flag
potential issues for further human review, ensuring that errors
are caught and corrected promptly. Automated processes should
also include regular updates to the chatbot’s knowledge base,
triggered by new research findings, clinical guidelines, or
changes in medical protocols. Another critical aspect of the
quality control system is the validation of the chatbot’s content
before it goes live. This can be achieved through rigorous testing
with simulated user interactions, covering a wide range of
scenarios that the chatbot is likely to encounter. Feedback loops
from these tests should be analyzed to refine the chatbot’s
algorithms and content delivery mechanisms, ensuring that it
provides accurate and contextually appropriate responses [63].
Finally, the quality control system must be adaptable, with
mechanisms in place for continuous improvement. This includes
incorporating user feedback to identify areas where the chatbot’s
performance may be lacking and making necessary adjustments.
Moreover, the system should be capable of responding to
unforeseen challenges, such as the propagation of
misinformation, and adapting to emerging trends in radiotherapy
by swiftly updating the chatbot’s content and protocols [17].

Monitoring and Feedback Loop
Establishing an effective monitoring and feedback loop is
essential for the continuous improvement and reliability of a
medical chatbot in radiotherapy education. This system ensures
that the chatbot consistently meets user needs, adapts to new
information, and addresses any issues that arise during its
interactions. The foundation of this system is a comprehensive
monitoring mechanism designed to track all chatbot interactions
in real time. By recording user queries, responses, and outcomes,
this monitoring system can identify patterns in user behavior
and detect potential issues, such as inaccurate answers,
misinterpretations, or gaps in the chatbot’s knowledge base
[64]. Advanced analytics tools can be integrated to automatically
flag problematic interactions for further review by the
development team, enabling swift corrective actions. In addition
to tracking interactions, the monitoring system should
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incorporate a robust feedback loop that allows users to provide
direct input on the chatbot’s performance [65]. This feedback
can be collected through postinteraction surveys, ratings, or
optional comment fields, giving users the opportunity to
highlight areas where the chatbot excels or falls short.
Aggregating and analyzing this feedback offers valuable insights
into the chatbot’s strengths and weaknesses, guiding future
updates and enhancements.

To maximize the effectiveness of the feedback loop, it is crucial
to establish a process for prioritizing and addressing the issues
identified. A triage system can be implemented to categorize
user feedback based on severity and frequency, ensuring that
the most critical issues are addressed promptly [66]; for
example, if multiple users report the same error or
misunderstanding, this issue would be flagged as a high priority
for immediate resolution. Less critical feedback, such as
suggestions for improved phrasing or additional features, can
be scheduled for consideration in future updates. Moreover, the
feedback loop should be designed to foster continuous learning
and adaptation. Regularly scheduled reviews of the chatbot’s
performance, informed by user feedback and monitoring data,
should be conducted to identify trends and areas for
improvement. This iterative process allows the chatbot to evolve
over time, enhancing its ability to provide accurate, reliable,
and contextually relevant information in radiotherapy education.

Ethical and Legal Safeguards
Implementing robust ethical guidelines and legal safeguards is
paramount in developing a medical chatbot for radiotherapy
education. These measures are critical to addressing concerns
related to privacy, transparency, and accountability, ensuring
that the chatbot operates within the highest ethical and legal
standards. To begin with, the chatbot must be designed with
stringent privacy protections. Given the sensitive nature of
medical information, the chatbot should comply with all relevant
data protection laws, such as the General Data Protection
Regulation in Europe or the Health Insurance Portability and
Accountability Act in the United States [19]. This involves

implementing secure data encryption methods, anonymizing
user interactions, and ensuring that any personal or health-related
data collected during interactions are stored securely and used
only for their intended purpose [67]. Access to these data should
be strictly controlled, with clear protocols for who can view,
modify, or delete the data, ensuring that user privacy is respected
at all times. Transparency is another critical aspect of ethical
chatbot design. Users must be fully informed about how the
chatbot functions, including the sources of its information, the
limitations of its advice, and the nature of its data collection
practices. This can be achieved by providing clear and accessible
information within the chatbot interface, such as disclaimers
before interactions, a detailed frequently asked questions section,
or links to privacy policies. In addition, the chatbot should be
designed to clearly distinguish between general information
and personalized advice, ensuring that users understand the
context and limitations of the information they receive [68].

Accountability mechanisms are also essential to uphold ethical
standards. The development and deployment of the chatbot
should include a clear governance structure, where
responsibilities for content accuracy, data management, and
user interactions are well defined. Regular audits of the chatbot’s
performance and adherence to ethical guidelines should be
conducted, with the results made available to relevant
stakeholders [69]. Furthermore, there should be a clear process
for users to report any ethical concerns or grievances, and these
issues should be addressed promptly and transparently. To
further enhance ethical and legal safeguards, it is important to
establish an oversight committee consisting of experts in ethics,
law, and medical education [70]. This committee would be
responsible for reviewing the chatbot’s operations, ensuring
that it remains aligned with ethical principles and legal
requirements. The committee should also be tasked with
evaluating the impact of the chatbot on users, particularly in
terms of potential biases, misinformation, or unintended
consequences, and recommending corrective actions as needed.
The proposed framework is summarized in Table 2.

Table 2. Summary of the proposed framework for a resilient medical chatbot in radiotherapy education. The key components, their essential elements,
and their respective purposes in ensuring the chatbot’s accuracy, reliability, and ethical operation are outlined.

PurposeKey elementsComponent

Ensures that the chatbot has access to accurate, up-to-
date, and relevant information

Database management and con-
trol

• Curated and dynamic database
• Automated updates
• Hierarchical data structure

Maintains high standards of accuracy, relevance, and
reliability in chatbot responses

Quality control system • Multitiered expert review
• Automated checks
• Content validation

Tracks chatbot performance, identifies issues, and incor-
porates user feedback for ongoing enhancement

Monitoring and feedback loop • Real-time interaction tracking
• User feedback integration
• Continuous improvement

Addresses concerns related to user privacy, ensures
transparency, and upholds accountability

Ethical and legal safeguards • Privacy protections
• Transparency measures
• Accountability mechanisms
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Case Study: Application of the Framework
in Radiotherapy Education

Outlining the Process of Developing and Testing the
Chatbot Using the Proposed Framework
The development of the radiotherapy education chatbot using
the proposed framework commenced with a comprehensive
needs assessment. This step involved engaging key stakeholders,
including radiotherapy educators, clinical oncologists, medical
physicists, and students, to identify the specific educational
challenges and gaps that the chatbot aimed to address [32]. The
focus was on creating a tool that could effectively supplement
traditional education by providing accurate, accessible, and
contextually relevant information on complex radiotherapy
topics. Once the needs were clearly defined, the next phase
involved designing the chatbot’s conversational architecture.
The framework emphasized the integration of AI-driven NLP

capabilities with a structured knowledge base specific to
radiotherapy [71]. This phase required meticulous curation and
validation of content, ensuring that the information was not only
accurate but also aligned with the latest guidelines and research
in the field. A collaborative approach was adopted, involving
experts from various disciplines to ensure that the chatbot’s
responses would be both scientifically robust and pedagogically
sound [72]. The chatbot was then built using a hybrid approach
that combined rule-based algorithms with machine learning
models [73]. The rule-based components ensured that the chatbot
could handle critical educational scenarios with precision, while
the machine learning aspects allowed for more dynamic and
flexible interactions. The integration with the IBM Watson
Assistant cloud platform facilitated the deployment of advanced
NLP algorithms, enabling the chatbot to understand and respond
to user queries effectively [32]. Figure 3 shows the architectural
diagram of a chatbot developed using the IBM Watson Assistant
platform [74].

Figure 3. Architectural diagram showing how the chatbot is connected to the IBM Watson Assistant cloud platform.

Testing the chatbot was an iterative process. Initial prototypes
were subjected to rigorous testing in simulated environments,
where various scenarios were presented to evaluate the chatbot’s

performance in real time [75]. The testing focused on several
key metrics: the accuracy of information, user engagement,
response time, and the ability to handle unexpected or complex
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queries. Feedback from educators and students was crucial
during this phase, providing insights into the chatbot’s usability
and effectiveness in an educational setting. To ensure the
reliability and safety of the chatbot, the testing also included a
comprehensive evaluation of ethical considerations. The
framework’s built-in mechanisms for privacy protection, data
security, and bias mitigation were scrutinized to prevent
potential harm. The chatbot was tested for its adherence to
ethical standards through a Delphi study involving international
experts, ensuring that it met global expectations for AI-driven
educational tools [76].

The final phase involved pilot-testing the chatbot in real
educational settings, specifically within radiotherapy courses.
These studies aimed to evaluate both the chatbot’s technical

performance and its educational impact. Observations from the
pilot phase revealed notable improvements in student
comprehension and engagement; for example, the chatbot, called
RT Bot, was deployed on a website accessible by invitation and
introduced during workshops and conferences to test its
functionality. Participants were invited to complete a survey
evaluating the chatbot’s functionality and content. This survey,
conducted with 60 participants, aimed to gather statistical
insights and feedback for improving the chatbot in the future.
The results, summarized in Table 3 [32], highlight varying levels
of user satisfaction with RT Bot during its testing phase. The
assessment used a scale ranging from 1 (lowest satisfaction) to
5 (highest satisfaction). The data indicate that a substantial 70%
(42/60) of the respondents rated the content’s helpfulness,
understandability, and reading duration as above average.

Table 3. Users’ satisfaction ratings regarding the contents of RT Bot (N=60) [32].

Reading duration, n (%)Understandability of content, n (%)Helpfulness of content, n (%)Degree of satisfaction (ranging from 1=lowest to
5=highest)

0 (0)0 (0)3 (5)1

3 (5)9 (15)0 (0)2

15 (25)9 (15)15 (25)3

18 (30)24 (40)24 (40)4

24 (40)18 (30)18 (30)5

Specific feedback highlighted areas for improvement, such as
the need for more intuitive methods to restart conversations and
tailored hints for users with diverse backgrounds when
answering radiation safety questions. These insights enabled
developers to refine the chatbot’s adaptability and
responsiveness. Data collected from the pilot tests demonstrated
a measurable positive effect on learning outcomes, as students
achieved higher quiz scores and expressed increased confidence
in applying radiation safety principles. The feedback loop
established during this phase ensured that the chatbot evolved
into a robust, user-centered educational tool, ready to support
radiotherapy training effectively [34,77,78].

Figure 4 illustrates the workflow for creating and maintaining
an LLM-based medical chatbot powered by ChatGPT, tailored

for radiotherapy. The chatbot relies on a curated database of
verified information and undergoes domain-specific training to
understand radiotherapy nuances. However, several limitations
exist. The quality of training data and the effectiveness of
cross-checking mechanisms are crucial; any errors or biases can
lead to inaccurate responses. Regular updates are necessary to
keep the database current, but this requires significant resources.
User feedback helps refine the system, although the feedback
can be subjective and challenging to manage. Error-handling
mechanisms allow for query escalation, but not all issues may
be resolved, potentially affecting user trust. Despite these
challenges, the iterative process aims to provide accurate and
up-to-date information within the chatbot’s expertise.
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Figure 4. Flowchart providing a sequential representation of the steps involved in creating, maintaining, and improving a medical chatbot based on
the large language model ChatGPT, with a focus on radiotherapy, ensuring accuracy, compliance, and continuous refinement.

This process is crucial because it ensures the reliability,
accuracy, and ethical integrity of the medical chatbot in
radiotherapy. By curating a precise and verified database,
fine-tuning the AI model, and implementing rigorous validation
processes, the system can provide trustworthy information. The
continuous refinement loop, fueled by user feedback and
updates, ensures that the chatbot stays current with evolving
practices and advancements in radiotherapy. This reliability and
adherence to medical standards instills confidence in users,
guiding them with accurate information while emphasizing the
chatbot’s limitations and the necessity of seeking professional
medical advice. Ultimately, this meticulous process not only
educates and assists users but also upholds the ethical
responsibility of providing reliable health care information
through AI-driven technologies.

Performance Evaluation
Evaluating the chatbot’s performance was a critical step to
ensure that it met the high standards required for educational
tools in radiotherapy. The evaluation focused on 3 main areas:
accuracy, user satisfaction, and educational impact.

Accuracy
The accuracy of the chatbot was assessed through a multitiered
validation process. First, a set of standardized queries covering
a wide range of radiotherapy topics was developed. These
queries were designed to test the chatbot’s ability to provide
correct and precise information. Subject matter experts in
radiotherapy independently evaluated the chatbot’s responses
to these queries, comparing them against established medical
literature and clinical guidelines [79]. The chatbot’s performance
was quantified using accuracy metrics such as precision and
recall, ensuring that it consistently delivered reliable information
[80]. In addition, the chatbot’s ability to update and incorporate
the latest research findings was tested, emphasizing the need
for dynamic content management to maintain long-term
accuracy [81].

User Satisfaction
User satisfaction was evaluated through extensive user testing,
involving a diverse group of end users, including students,
educators, and health care professionals. Surveys and feedback
forms were used to gather qualitative and quantitative data on
users’ experiences with the chatbot. Key aspects such as ease
of use, response time, clarity of information, and overall user
experience were measured. The feedback loop was integral to
refining the chatbot, addressing any issues related to user
interaction, and ensuring that the chatbot met the expectations
of its target audience. In addition to surveys, usability testing
sessions were conducted where users interacted with the chatbot
in controlled environments, providing real-time feedback on
their experiences. This iterative process helped in identifying
and rectifying any usability challenges, enhancing the overall
user satisfaction [79].

Educational Impact
The educational impact of the chatbot was evaluated by
analyzing its effectiveness as a learning tool in radiotherapy
education. This involved conducting controlled studies where
the performance of students who used the chatbot as a
supplementary learning resource was compared to that of
students who did not. Various educational metrics, such as
knowledge retention, comprehension, and application of
concepts, were measured through pre- and postintervention
assessments [82]. The chatbot’s impact on these metrics was
statistically analyzed to determine its effectiveness in enhancing
learning outcomes [77]. Furthermore, longitudinal studies were
conducted to assess the sustained educational benefits of the
chatbot, ensuring that its use had a lasting positive impact on
students’ understanding of radiotherapy concepts [83]. In
addition to these formal evaluations, the chatbot’s performance
was assessed in real-world educational settings through pilot
studies. These studies provided insights into how the chatbot
influenced classroom dynamics, student engagement, and the
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overall learning environment [84-86]. Feedback from these
settings was crucial in understanding the practical implications
of integrating the chatbot into existing curricula and further
validated its educational impact.

Lessons Learned and Future Directions
As the radiotherapy education chatbot continues to evolve, there
are numerous opportunities for innovation that could
significantly enhance its capabilities. Future research and
technological advancements hold the potential to expand the
chatbot’s functionality, improve user experiences, and further
integrate it into the educational landscape.

Advanced NLP and Understanding
One of the most promising areas for innovation lies in the
continued development of advanced NLP algorithms. Future
iterations of the chatbot could benefit from more sophisticated
NLP techniques, such as transformer-based models and deep
learning architectures, which can better understand and generate
human-like responses [87]. These advancements would enable
the chatbot to handle more complex queries, recognize nuanced
language patterns, and provide more contextually accurate
answers. Enhanced NLP capabilities could also improve the
chatbot’s ability to engage in multiturn conversations, allowing
for deeper and more meaningful interactions with users.

Personalized Learning Experiences
Another key area for innovation is the development of
personalized learning experiences. Leveraging data-driven
insights, the chatbot could be equipped with adaptive learning
algorithms that tailor content and responses to individual users’
needs, preferences, and learning paces [88]. By analyzing user
interactions, the chatbot could identify areas where a student
might be struggling and provide targeted educational resources
or alternative explanations to enhance understanding. This
personalized approach would make the chatbot a more effective
tool for diverse learning styles and could significantly improve
educational outcomes [89].

Integration With Virtual and Augmented Reality
The integration of the chatbot with virtual and augmented reality
(VR/AR) technologies presents exciting possibilities for creating
immersive learning environments. By combining the chatbot’s
informational capabilities with VR/AR platforms, users could
engage in interactive simulations of radiotherapy procedures,
enhancing their practical understanding of complex concepts
[90,91]; for example, students could use the chatbot to guide
them through virtual radiotherapy sessions, where they can
visualize and manipulate different treatment parameters in a 3D
space. This fusion of AI-driven education with immersive
technologies could revolutionize how radiotherapy is taught
and learned.

Enhanced Multilingual and Cross-Cultural
Capabilities
As radiotherapy education becomes increasingly globalized,
there is a growing need for the chatbot to support multilingual
and cross-cultural communication. Future developments could
focus on expanding the chatbot’s language capabilities, enabling
it to provide accurate and contextually relevant information in

multiple languages. This would not only make the chatbot more
accessible to non–English-speaking users but also allow it to
adapt its responses to different cultural contexts, ensuring that
the information is both accurate and culturally sensitive [92].
Such advancements would make the chatbot a valuable
educational tool in diverse global settings.

Ethical AI and Bias Mitigation
As AI continues to advance, addressing ethical concerns and
mitigating biases in the chatbot’s responses will be paramount.
Future research could explore more robust methods for ensuring
that the chatbot’s algorithms remain unbiased and that its
responses adhere to ethical guidelines [93]. This might include
developing advanced algorithms for detecting and correcting
biases in real time, as well as enhancing the transparency and
explainability of the chatbot’s decision-making processes. By
prioritizing ethical AI, the chatbot could set new standards for
responsible AI use in education, fostering trust and reliability
among users [20].

Integration With Broader Educational Ecosystems
Finally, future innovations could focus on integrating the chatbot
with broader educational ecosystems, including learning
management systems and other digital educational tools [94,95].
By doing so, the chatbot could become a seamless part of the
educational workflow, providing continuous support to students
and educators across various platforms. This integration would
enable more comprehensive data collection and analysis,
allowing educators to monitor student progress in real time and
make data-informed decisions to enhance teaching strategies.
The chatbot could also facilitate collaborative learning by
connecting users with peers, mentors, or experts, creating a
more interactive and supportive educational community.

Adaptability to Other Medical Fields
The framework developed for the radiotherapy education chatbot
demonstrates significant potential for adaptation to other medical
fields. By leveraging advanced NLP algorithms and personalized
learning experiences, the chatbot can be tailored to provide
specialized educational content across various medical
disciplines, such as cardiology, neurology, and oncology. The
integration of VR/AR technologies can further enhance learning
by offering immersive simulations of medical procedures
relevant to each field. Furthermore, the chatbot's multilingual
and cross-cultural capabilities ensure that it can deliver accurate
and contextually appropriate information to a diverse global
audience. By addressing ethical AI considerations and
integrating with broader educational ecosystems [18], the
framework can support continuous learning and professional
development for health care professionals worldwide, ultimately
improving patient care and outcomes.

Conclusions
This Viewpoint paper has explored the development of a
resilient framework for a medical chatbot tailored to
radiotherapy education, addressing key aspects such as accuracy,
reliability, privacy, ethics, and the potential for innovation. The
framework emphasizes the importance of maintaining up-to-date
and accurate information, ensuring user trust through robust
privacy measures, and fostering an ethical approach to AI in

JMIR Cancer 2025 | vol. 11 | e66633 | p.237https://cancer.jmir.org/2025/1/e66633
(page number not for citation purposes)

Chow & LiJMIR CANCER

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


health care. Through performance evaluation, the chatbot
demonstrated its capability to enhance learning outcomes and
support health care professionals in their continuous education.
Challenges such as bias, user engagement, and integration into
existing systems were identified, with strategies proposed to
overcome these obstacles.

Looking ahead, the future of LLM-based medical chatbots holds
significant promise for radiotherapy education and health care
as a whole. These technologies have the potential to
revolutionize how complex medical knowledge is disseminated,
making education more accessible, personalized, and interactive.

By continuing to advance in areas such as NLP, personalized
learning, and integration with immersive technologies,
LLM-based chatbots can become indispensable tools in both
educational and clinical settings. As these chatbots evolve, they
will likely play a crucial role in shaping the future of health
care, improving patient outcomes, and supporting the ongoing
education of health care professionals worldwide. The
framework presented in this paper serves as a foundational guide
for the responsible and effective implementation of these
powerful tools, ensuring that they contribute positively to the
field of radiotherapy and beyond.
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Abstract

Oncology patients often face complex choices between treatment regimens with different risk-benefit ratios. The 4D PICTURE
(Producing Improved Cancer Outcomes Through User-Centered Research) project aims to support patients, their families, and
clinicians with these complex decisions by developing data-driven decision support tools (DSTs) for patients with breast cancer,
prostate cancer, and melanoma as part of care path redesign using a methodology called MetroMapping. There are myriad ethical
issues to consider as the project will create data-driven prognostic models and develop conversation tools using artificial intelligence
while including patient perspectives by setting up boards of experiential experts in 8 different countries. This paper aims to review
the key ethical challenges related to the design and development of DSTs in oncology. To explore the ethics of DSTs in cancer
care, the project adopted the Embedded Ethics approach—embedding ethicists into research teams to sensitize team members to
ethical aspects and assist in reflecting on those aspects throughout the project. We conducted what we call an embedded review
of the project drawing from key literature on topics related to the different work packages of the 4D PICTURE project, whereas
the analysis was an iterative process involving discussions with researchers in the project. Our review identified 13 key ethical
challenges related to the development of DSTs and the redesigning of care paths for more personalized cancer care. Several
ethical aspects were related to general potential issues of data bias and privacy but prompted specific research questions, for
instance, about the inclusion of certain demographic variables in models. Design methodology in the 4D PICTURE project can
provide insights related to design justice, a novel consideration in health care DSTs. Ethical points of attention related to health
care policy, such as cost-effectiveness, financial sustainability, and environmental impact, were also identified, along with
challenges in the research process itself, emphasizing the importance of epistemic justice, the role of embedded ethicists, and
psychological safety. This viewpoint highlights ethical aspects previously neglected in the digital health ethics literature and
zooms in on real-world challenges in an ongoing project. It underscores the need for researchers and leaders in data-driven medical
research projects to address ethical challenges beyond the scientific core of the project. More generally, our tailored review
approach provides a model for embedding ethics into large data-driven oncology research projects from the start, which helps
ensure that technological innovations are designed and developed in an appropriate and patient-centered manner.
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Introduction

People diagnosed with cancer often face difficult choices
regarding their treatment and potential impact on survival and
quality of life [1]. Data-driven decision support tools (DSTs)
hold significant potential in empowering patients, enhancing
personalized care, and fostering health equity [2,3].
Nevertheless, most current DSTs do not account for individual
preferences, which hinders their broader integration into clinical
practice. To improve cancer treatment decision-making by
addressing existing challenges in DSTs, a large European
collaboration was started—the 4D PICTURE (Producing
Improved Cancer Outcomes Through User-Centered Research)
project [4]. Recognizing the complexity that patients face, the
consortium seeks to use design methods (particularly the
MetroMapping methodology, Figure 1) to improve care paths
in oncology. This involves the development of innovative
prognostic models and conversation tools that consider patient
experiences, values, and preferences through models partly
based on artificial intelligence (AI). Collaborating with patients
and other stakeholders, the project focuses on breast cancer,
prostate cancer, and melanoma, aiming to create comprehensive
DSTs for these types of cancer. The use of these tools in the
MetroMap for redesigning cancer care paths will be evaluated
on effectiveness and cost-effectiveness, and social and ethical
concerns will be addressed throughout the project.

Ethics is highly relevant to the development of data-driven DSTs
for personalizing oncology care. For instance, the use of
low-quality prognostic models may lead to incorrect and harmful
decisions. When using AI-driven DSTs, concerns about quality
are particularly warranted as there is still a lack of robust
evidence on their effectiveness [5]. As such, normative
principles such as data quality, algorithmic fairness, and data
privacy are important to consider when developing data-driven
DSTs. However, principles alone cannot guarantee that the
developed tools are ethical and acceptable to patients and health
care providers [6]. What is needed as well is guidance on how
researchers can be practically assisted to anticipate, identify,
and address ethical issues of data-driven care based on the
specific case at hand. This can be done through the Embedded
Ethics approach, which stimulates close collaborations between
ethicists on the one hand and developers, researchers, and
clinicians on the other who work together in an iterative and
continuous manner [7]. In the 4D PICTURE project, ethicists

are embedded into the project in this way to promote guidance
and reflection on the ethics of the entire project.

The first task of the ethics work package in a large
interdisciplinary project is usually to create an overview of
potential ethical challenges that can be expected in that project
based on the literature. However, we noticed that such literature
surveys often come up with the same general issues. A database
search on the ethical aspects of data-driven DSTs in medicine
is necessarily broad and will provide high-level findings on the
aforementioned principles, which still requires translation to
the project at hand to derive actionable recommendations.
Moreover, the ethical aspects of such interdisciplinary projects
are too heterogenous for a systematic review on the “ethics of
data-driven DSTs in healthcare”—ethical questions may also
arise in parts of the project not directly related to DST
development, such as their evaluation or the dissemination of
results. Therefore, in the 4D PICTURE project, we took a
different approach. As ethicists in the 4D PICTURE project,
we discussed ethics in relation to the different work packages
with the project researchers and looked for key publications in
the ethics literature on the topics that came up in each work
package separately. We moved back and forth between literature
and practice in an iterative process to be as specific and close
to practice as possible. This resulted in an agenda of aspects
that may be ethically relevant within the project and serves as
a basis for further empirical and theoretical ethics research.

This viewpoint describes this process and has two interrelated
aims as it (1) introduces the embedded review approach for
identifying ethical aspects within an interdisciplinary research
consortium and (2) outlines key ethical challenges to be
considered when developing data-driven DSTs for more
personalized oncology care. In what follows, we describe our
methodology before discussing ethical challenges related to
data-driven DSTs in the project under study. This paper provides
a detailed overview of the ethics of data-driven DSTs because
of the link to a particular project, as well as reference to broader
ethical aspects (eg, the ethics of interdisciplinary collaboration
or psychological safety in research teams) that are often
neglected. We find that this work has relevance beyond the 4D
PICTURE project as it is the first review-type paper explicitly
grounded in the Embedded Ethics approach. Our findings show
that, even when simply looking for literature on ethical aspects,
a lot can be gained when ethics is embedded into a project from
the start.
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Figure 1. Schematic illustration of the MetroMap that forms the core of the 4D PICTURE (Producing Improved Cancer Outcomes Through User-Centered
Research) project. The MetroMap is a comprehensive visualization of the general care trajectory. Feeding into the MetroMap will be the results of two
types of models developed in the project: (1) a treatment outcome prediction tool for each cancer type and (2) a conversation tool developed by analyzing
patient experiences through text mining. The result of integrating these data-driven tools into the MetroMap will be a personal care path navigator for
each patient that serves as a decision aid in shared decision-making.

Methods

Embedded Ethics Approach and Study Design
As ethics is about normative argumentation and conceptual
analysis, a systematic literature study usually does not suffice
for an overview of the ethical literature on a certain topic.
Moreover, the ethical aspects of large interdisciplinary projects
such as the 4D PICTURE project are too heterogenous for a
traditional systematic or scoping review. Therefore, different
methods for reviews have been described in the ethics literature
suitable for different purposes, ranging from a rapid review to
a critical interpretative review [8]. For the context of this study,
our main aim was to sensitize researchers of the consortium to
the ethical issues in their work packages and support them with

a shared ethical framework, vocabulary, and argumentation to
navigate the various ethical issues of the project deliberately
and consciously. Our priority was to ensure that the literature
was useful, comprehensible, and relevant for the consortium’s
needs, thus balancing methodological rigor and depth of analysis
with practical applicability. In conducting this review, we aimed
to develop directions for specific ethics guidance and further
research as well as to “create a shared knowledge base among
team members” [9]. Moreover, we wanted to include the ethics
of the consortium (eg, ensuring psychological safety in research
teams) rather than merely looking at the ethics in the consortium
(eg, avoiding biased outcomes of the prognostic models).

Therefore, we opted for an embedded review, which, in the
typology of McDougall [8], could be best described as a critical
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interpretative review, with the main difference that we
established the analytical categories together with the researchers
of the consortium. This is in line with the paradigm of Embedded
Ethics, a relatively new approach for integrating ethics into
interdisciplinary health care projects that focuses on delivering
guidance for practical ethical dilemmas also when these are
unexpected and come up ad hoc. This is done by embedding
ethicists into these projects and stimulating close collaboration
so that ethical aspects are taken into account in a continuous
and iterative manner [7]. Various tools and methods are used
to embed ethics into the development of new technologies;
usually, a literature review is the starting point. As Willem et
al [9] note, a literature review in an embedded ethics project
“provides the opportunity to collectively interrogate the project’s
goals.” Thus, the themes described in this paper are based on
an iterative approach that we have called an embedded
review—going back and forth between research meetings,
reading and searching for literature, interactive discussions and
meetings with 4D PICTURE researchers, joining trainings, and
conducting observations of meetings. Hereafter, we describe
how we conducted this embedded review of ethical aspects in
the 4D PICTURE project.

Identification of Ethical Challenges and Member
Check
First, 2 authors (LH and CG) familiarized themselves with the
research objectives and activities of each work package in the
4D PICTURE project. They identified ethical themes that may
be relevant for the activities and research of each work package
and looked for key publications in the (empirical and theoretical

ethics) literature on that particular topic. Some of these
publications were known by the authors, whereas others were
found through simple searches in PubMed and Google Scholar
as well as through further snowball searches. Of note is that the
iterative process of identifying did not simply consist of
extracting issues from the project proposal or the ethics literature
but required active interpretation by the authors to link the
literature to the intended work in the various parts of the 4D
PICTURE project. After having conducted an initial
identification of ethical themes, these insights were summarized
in such a way that the descriptions were readable and
understandable by researchers without a background in ethics.
This document was shared within the consortium and also
included a further reading section for those interested in reading
more. The categories of ethical themes were then further refined
through conversations with researchers in the 4D PICTURE
project. For instance, the points discussed in the Results section
about the design of the MetroMap were extensively discussed
with researchers at an in-person training in the Netherlands by
LH and CG. Finally, 2 of the ethicists in the project (LH and
MB) presented the findings of this embedded review during a
general meeting that was attended by all the researchers of the
4D PICTURE consortium, which took place in 2023 and served
as a member check to see whether relevant issues were included
but also to stimulate researchers in the project to think about
ethics in their work package. An overview of these
methodological steps is provided in Figure 2. While our aim
was explicitly not to conduct a systematic review of the
literature, our methodology might still be further improved in
future studies deploying this embedded review approach.

Figure 2. Method of conducting an embedded review in the 4D PICTURE (Producing Improved Cancer Outcomes Through User-Centered Research)
project—flowchart of the process of identifying and refining ethical challenges based on the literature and discussions with researchers in the project.
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In what follows, we discuss 13 specific ethical challenges related
to the development of data-driven DSTs for cancer care that
arose from our embedded review of the 4D PICTURE project.
While we started from general themes (eg, ethical aspects
regarding semantic bias and fairness in relation to text mining
patient experiences to develop a conversation tool), we reframed
the themes as challenges to provide a slightly more
action-oriented overview that can serve as an agenda for
embedding ethics into the project (a challenge is then
“preserving meaning in the data and including underrepresented
groups”). We note that there is no agreed-upon definition of

what an ethical challenge is [10], but for the purpose of this
paper, we defined it as follows: “an ethical challenge occurs
when one does not know how to behave and act in the best way”
[11]. To aid readability in our reporting of ethical challenges,
in the text of this paper, we combined several 4D PICTURE
work packages into more general headings (eg, combining
“project management, dissemination and ethics,” which are 3
separate work packages in the 4D PICTURE project, into 1
section), but a full overview of the project’s work packages and
related challenges is presented in Table 1.

Table 1. Ethical challenges related to the work packages (WPs) in the 4D PICTURE (Producing Improved Cancer Outcomes Through User-Centered
Research) project. Descriptions of each WP’s main objectives were taken from the 4D PICTURE project’s website. It should be noted that challenge
13 is relevant across all WPs, although extra responsibility may be put on the project leads in WP 1.

Ethical challengesMain objectivesWP

The overall objective of WP 2 is to develop algo-
rithms that provide predictions of outcomes for in-
dividual patients for each relevant treatment option
for 3 major cancers. The algorithms will be translat-
ed into decision support tools and included in the
MetroMap as developed in WP 4.

WP 2—modeling • Avoiding biased outcomes due to poor data
quality (challenge 1)

• Understanding how ethical values are built
into models (challenge 2)

The main aim of WP 3 is to use co-design methods
to investigate the experiences of patients with can-
cer and their significant others, drawing upon novel
text mining and qualitative analysis methodologies
to improve outcomes for patients with cancer and
their families and enhance the quality of a conver-
sation tool to be used by citizens, patients, and
clinicians across Europe.

WP 3—text mining • Preserving meaning in the data and including
underrepresented groups (challenge 3)

• Protecting the privacy of the data of patients
with cancer in the public domain (challenge
4)

The primary task of WP 4 is the redesign of care
paths applying the service design method to experi-
ence a more individualized and personalized care
path with the inclusion of innovative prognostic
and conversational tools.

WP 4—design • Incorporating shared decision-making and
death into the care path design (challenge 5)

• Visualizing care paths responsibly through
design justice (challenge 6)

In WP 5, researchers will evaluate MetroMapping
in its entirety using mixed methods designs as well
as evaluate the decision support tools to be devel-
oped. WP 6 aims to finalize the MetroMapping
methodology, assess the generalizability of the
methodology and decision support tools of
MetroMapping, and provide guidance to policy
makers about MetroMapping.

WP 5—practice and WP 6—policy • Reflecting on good criteria for (cost-effective-
ness) evaluation (challenge 7)

• Balancing the adoption of technology with
other values (challenge 8)

• Anticipating techno-moral change and devel-
oping new ethical frameworks (challenge 9)

WP 1 entails all aspects of the coordination, man-
agement, and progress monitoring of the project.
The task of WP 8 is to disseminate project informa-
tion and results of the research and innovation ac-
tivities to key stakeholders through various channels
and enable access to decision support tools to pa-
tients with cancer, their significant others, clini-
cians, and the public.

WP 1—coordination and WP 8—dissemina-
tion

• Integrating patients’ experiential knowledge
to avoid epistemic injustice (challenge 10)

• Negotiating shared knowledge in the trading
zone between disciplines (challenge 11)

WP 7 is a cross-cutting, integrative WP that estab-
lishes an embedded ethics approach within the 4D
PICTURE project. It collaborates with all WPs and
aims to ensure that ethical and social aspects of the
planned tools and implications of their use are
considered from the very start of their interdisci-
plinary development.

WP 7—ethics • Establishing the position of the embedded
ethicist (challenge 12)

—aAll • Ensuring psychological safety in research
teams (challenge 13)

aNot applicable.
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Results

Overview
Through our embedded review of ethics in the 4D PICTURE
project, we identified 13 key ethical challenges related to the
development of DSTs and the redesign of care paths for more
personalized cancer care. These challenges are discussed in
sections related to the various parts of this project: the prognostic
model development; text mining of patient experiences to
develop a conversation tool; the innovative design method of
MetroMapping to develop a personal care path navigator; the
evaluation of the MetroMap and integrated DSTs; and project
management, dissemination, and ethics. An overview of how
the identified ethical challenges relate to the 8 specific (but
interrelated) work packages in the 4D PICTURE project, along
with those work packages’main objectives, is provided in Table
1.

Prognostic Models for Individual Treatment Outcomes

Overview
One of the aims of the 4D PICTURE project is to develop
models that predict individual patient outcomes for each relevant
treatment option for breast cancer, melanoma, and prostate
cancer. These prognostic algorithms will be translated into
DSTs. Outcome measures will not only be related to survival
but also operationalize different aspects of quality of life (eg,
side effects or sexual well-being) per treatment option so that
patients can make an informed treatment decision based on their
personal circumstances and values. However, ethical aspects
should be taken into account when developing such prognostic
models. Hereafter, we discuss 2 key ethical challenges: the risk
of data bias and the need for awareness that societal values are
always built into models.

Ethical Challenge 1: Avoiding Biased Outcomes Due to
Poor Data Quality
The accuracy of prognostic models depends heavily on the
quality and representativeness of the data used. Data bias (ie,
results being skewed because of unjust inaccuracies in the data
used for modeling) can cause harm to individuals and increase
existing inequities in society [12-14]. Biased outcomes can arise
due to false assumptions incorporated into data collection,
inconsistent definitions, small sample sizes, reproduction of
societal trends influencing the data, and the underrepresentation
of (minority) groups in datasets [15-17]. In the 4D PICTURE
project, bias may be introduced as the input data for the
prognostic models come from multiple European countries and
from international randomized clinical trials and meta-analyses
and, as such, may not be generalizable to, for instance, small
patient groups or smaller European countries that lack
representation in these datasets (let alone to countries in the
Global South, although that is also not the aim of the 4D
PICTURE project). For example, data may be predominantly
derived from patients with European heritage, and ethnic
minority groups may be underrepresented in the data, possibly
leading the model to draw misguided conclusions about these
patients [17-20]. In addition, models trained on a dataset in one
setting often do not perform well in other settings [21]. To

mitigate the impact of data bias, the 4D PICTURE researchers
will weigh the quality and generalizability of the different data
sources.

However, it may turn out that, for specific patient populations,
the level of evidence is so low that a prediction tool may cause
more confusion than clarity about treatment options for the
patient [22,23]. If the evidence is relatively uncertain, does that
mean that the clinician can refrain from presenting the patient
with the model’s outcome to prevent confusion? We find that
clinicians should evaluate the usefulness of the model’s output
for each patient before consultation. However, open questions
remain. At what level of certainty is the clinician obliged to
share results with the patient to fulfill duties of openness and
transparency? In addition, should the use of a prediction model,
if available, be incorporated into the standard workflow or rather
as an optional step that requires the patient’s informed consent
before inputting data? Or would providing patients with
information and choice lead to an undesirable redistribution of
responsibility in which the clinician shifts the burden of making
difficult decisions to the patient [24]? These issues call for
ethical reflection and careful consideration of how clinical
practice changes when prognostic models are introduced in a
specific cancer care setting.

Ethical Challenge 2: Understanding How Ethical Values
Are Built Into Models
While prognostic models are sometimes thought of as objective
calculators, in reality, no algorithm is perfect. Models are not
value free and will always have certain undesirable outcomes
even when they merely output a prediction without coupling it
to advice [25]. Namely, if two developers create a model based
on the same database, the resulting models will be different
because certain choices about the functioning of the model are
made by the developer (eg, whether to accept more false
negatives vs more false positives). Clinical risk prediction
models are often programmed to prioritize sensitivity (fewer
false negatives) over specificity (fewer false positives) because
this reflects the existing tendency of human clinicians to better
be safe than sorry (ie, to prefer the risk of overtreatment to the
risk of undertreatment) [15]. In the same way, the selection of
outcome measures is loaded with values. Overall survival,
recurrence-free survival, and progression-free survival are
commonly accepted outcome measures. However, not every
outcome may be equally important to each patient.

Thus, prognostic models may be perceived within clinical
practice as more neutral, objective, certain, and reliable than
they actually are. This is akin to what some scholars have called
the automation bias of humans regarding automated
systems—people tend to rely too heavily on automated systems
such as AI technologies and forget the cultural and ideological
choices that were made during the development of that system
[26,27]. It is important for developers and users to understand
that these choices often reflect existing societal bias and
inequalities. Moreover, developers of prognostic models may
be faced with difficult moral dilemmas in which no right
solution can be readily modeled [28]. If there is then a lack of
ethics guidance, this can lead to arbitrary decision-making based
on technical features such as computing power [29]. Even if
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developers themselves are very much aware of the limitations,
uncertainties, value preferences, and subjective cutoff points of
a model, these may not be immediately clear to the clinicians,
patients, and policy makers who use the information generated
by the model. Prognostic models are value laden and bring about
ethical questions, but these are sometimes not recognized as
such. Acceptability of certain choices during model development
should be based on ethical reasoning and arguments, preferably
in consultation with ethicists and a diverse range of stakeholders.
The 4D PICTURE project offers a unique possibility to jointly
study and discuss the ethical values built into the planned
prediction models and their potential influence on actual cancer
care practices.

This also includes discussion about which variables to include
in predictive algorithms. For model developers, the accuracy
of predictions has always been most important. However,
depending on the intended use, a more accurate model may
sometimes reproduce or even increase unfair inequalities in
society. Imagine a model that calculates the expected quality
of life after the treatment of a stroke. We know that, after a
stroke, the average quality of life is much lower in
neighborhoods where many people are of a lower socioeconomic
status than in neighborhoods where most people are of a high
socioeconomic status [30]. Including the postal code in the
model might result in more accurate predictions of posttreatment
quality of life. The question is then whether it is ethically
justified to include postal code as a variable. The answer to this
depends not only on the question of whether the variable makes
the model more accurate but also on the intended use of the
model. The reasoning is different for a model intended to
allocate resources in a way that improves care in disadvantaged
neighborhoods versus a model intended to decide who to give
stroke treatment and for whom stroke treatment is not
cost-effective because of a low predicted quality of life after
the treatment. The latter use is problematic as it further unfairly
disadvantages the already disadvantaged given that the low
quality of life likely relates to factors outside individuals’
control, such as housing or health literacy. Whether to include
variables that might affect treatment options for disadvantaged
or protected groups, such as postal code but also gender,
ethnicity, disability, BMI, and smoking or diabetes status, is a
question that is relevant in the context of cancer care and in
need of more interdisciplinary research and ethical reasoning.

Text Mining of Experiences of Patients With Cancer
to Develop a Conversation Tool

Overview
Another objective of the 4D PICTURE project is to conduct
text mining analyses of big data on the experiences of patients
with cancer to develop a conversation tool and obtain input for
care path redesign. An interdisciplinary approach will be used
that combines the strengths of AI tools (ie, text mining and
natural language processing techniques), corpus linguistics, and
qualitative (narrative) research to efficiently convert the stories
of people with cancer and their significant others into usable
knowledge. Key ethical challenges revolve around the risk of
societal bias and loss of meaning in the data, as well as privacy

and ownership questions regarding data scraped from online
platforms.

Ethical Challenge 3: Preserving Meaning in the Data
and Including Underrepresented Groups
In developing an algorithm for text mining of public forums,
there is a risk of reproducing existing biases in society and even
exacerbating them. Research has shown that applying machine
learning to ordinary human language results in humanlike
semantic biases. Namely, text corpora or language datasets
contain imprints of our societal biases toward gender or race
[31]. A well-known example is Google Translate’s translation
of job descriptions in gender-neutral languages that do not
differentiate between he and she into English—until recently,
this produced only biased sentences such as “she takes care of
children” and “he is a lawyer.” Moreover, subtle differences in
meaning might be lost when transforming written experience
into classifiable input for a conversation tool. If the eventual
4D conversation tool does not perform as well for each patient
due to engrained societal biases or the loss of meaning in
language processing, this can have a substantial impact in terms
of fairness. For instance, if the tool works suboptimally for a
certain minority group, this would not only be unfair but might
also serve as a microaggression. A simple example of a
microaggression is when an automatic soap dispenser cannot
identify dark skin, which serves as a small (and unnecessary)
reminder for people that their skin is not the default skin. Added
up, these very small and unexpected daily encounters can truly
affect a person’s sense of belonging in a society [32]. Thus, it
is important that metaphors used for capturing the experience
of patients with cancer in the 4D PICTURE project are accurate
and reflect not only the metaphors of dominant cultures but also
the cultural languages of different minority groups.

Ethical Challenge 4: Protecting the Privacy of the Data
of Patients With Cancer in the Public Domain
Data mining of public posts on web forums is not without ethical
issues. A recent review [33] mentioned the following aspects:
the privacy policies of public forums sometimes lack
transparency [34]; users are not always aware of privacy settings
or lack the digital skills to manage them according to their
preferences [35]; even if users are aware that their posts are
public, this does not mean that they agree with their posts being
reused for just any purpose [36]; commercial use in particular
(which is not part of the 4D PICTURE project) is deemed
inappropriate by users [37-39], whereas reuse for the greater
good is more accepted; and some users are even willing to put
privacy concerns aside for public benefit [40]. There are 2
general issues that stand out. First, the use of social media posts
for research brings about privacy risks and, in particular, the
potential for reidentification. There is a risk of reidentification
both on an individual and group level (eg, identifying a minority
group). Patients fear that reidentification may lead to identity
theft; could have consequences for employment and pension
eligibility; and could lead to increased insurance costs and the
use of their data for financial gain, social discomfort, or
stigmatization in clinical settings or the community [33,41].
Although there is clear consensus about ensuring anonymity
regarding research that scrapes data from web forums, this is
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not always possible in practice. This first concern is only
indirectly related to 4D PICTURE project, which will not use
the data beyond its primary research aims, let alone to reidentify
individual patients, but it does highlight the need for good data
protection and security measures to protect the sets of data
scraped from public forums.

Second, it is debated in the literature whether posts on public
forums and social media should be considered as being part of
the public or private domain given that notions of public and
private are changing [40]. Legally, these posts are in the public
domain, and no informed consent is needed regarding reuse, so
many researchers do not ask for consent for scraping data from
online forums [42-44]. However, citizens may have other
intuitions about this. The distinction between private and public
is probably too broad to reflect their moral intuitions about data
ownership. The discrepancy between regulations and the views
of citizens could lead to public outrage and less trust in science
in general. Some ethicists have also argued that data may only
be collected from social media platforms after explicit consent
from the data subject [45]. It may be helpful in this setting to
view privacy in terms of contextual integrity, a concept by
Nissenbaum [46] based on the spheres of justice by Walzer
[47]—simply put, contextual integrity says that privacy means
something different in an airport security area than in a
kindergarten. This is recognized by patients, who regard health
data research as part of the (highly regulated) medical sphere
and want their data to stay within that sphere [48], but what
happens to contextual integrity when patients post their own
health information on social media platforms? In the 4D
PICTURE project, researchers will further explore these
questions together with patient representatives to develop ethical
guidance regarding the use of social media data for the project.

MetroMapping to Develop a Personal Care Path
Navigator

Overview
In addition to the development of prognostic and conversation
tools, the 4D PICTURE project aims to visualize the care
trajectory for melanoma, breast cancer, and prostate cancer in
3 countries (the Netherlands, Spain, and Denmark). The new
methodology of MetroMapping, which involves collaborative
meetings with health care workers, is used to create a
comprehensive visualization of the care trajectory for each
specific cancer, representing various treatment options as metro
lines [49]. The resulting MetroMap consists of different layers
in addition to the metro line itself, which represents the overall
structure of the care trajectory; other layers incorporate patient
experiences at various points in this trajectory (eg, highlighting
aspects such as magnetic resonance imaging being perceived
as frightening) or provide information about the environment
(eg, parking options or quiet routes within the hospital to
accommodate heightened sensitivity to noise and smell after
chemotherapy). The function of the MetroMap is to locate
potential for improvements and redesign the care paths of people
with cancer where needed. In the 4D PICTURE project, the
prognostic models and conversation tools will be integrated into
the MetroMap to also develop a personal care path navigator
for each patient that serves as a decision aid in shared

decision-making (SDM). There are 2 main ethical topics relevant
here: first, SDM and, second, design justice and the influence
of choice architecture.

Ethical Challenge 5: Incorporating SDM and Death
Into the Care Path Design
The concept of SDM is increasingly recognized as an important
aspect of personalized care, and it lies at the core of the 4D
PICTURE project. The goal of SDM is to engage in
conversations about relevant treatment options and the patient’s
values and preferences to arrive at a shared treatment decision
aligned with their wishes [50]. In the 4D PICTURE project, the
MetroMap design includes designated points labeled as SDM
moments (indicated by stars). These moments signify important
moments (eg, when test results are available) to allow for
discussions between health care providers and patients regarding
preferred treatment options. However, within actual care
practice, SDM is complex and scattered along the care path,
extending beyond a specific SDM moment occurring at a
specific time point. Patients often struggle to express their values
or preferences, necessitating support such as probing questions,
multiple conversations, or sources of inspiration to determine
what matters most to them in a given situation [51]. Some
authors have argued that SDM runs the risk of putting too much
responsibility on the patients and leaving patients “abandoned
to their autonomy,” as O’Neill [52] has said. However, the
everyday reality of SDM in actual care practices shows that
autonomy has a relational nature—there is an interdependence
among patients, their support networks, and their health care
providers [53,54]. Thus, when performed well, SDM seems
compatible with a notion of autonomy that does not put too
much responsibility on patients. However, of note is that patients
differ in their preferences for how care is delivered (eg, in the
number and duration of consultations in which treatment
decisions need to be made [55]), so it is important to keep in
mind that one patient may not represent the entire patient
population in their preferences for SDM. Moreover, and this is
a more general point, social determinants of health—such as
economic status, social vulnerability, and access to
resources—shape patients’ capacity to engage in SDM, and
health care systems should address these broader determinants
to better support diverse patient needs related to SDM [56].

Another challenging aspect of the personal care path is the death
of the patient. Death and mortality raise profound ethical
questions, balancing values such as human dignity, patient
autonomy, relieving pain, quality of life, and balancing the
interests of an individual person within their network. As death
carries cultural and social significance and ethical considerations
vary across systems and belief systems, it is a notoriously
sensitive topic in health care. Both health care workers and the
systems of health care are mainly geared toward curing diseases
and prolonging life—until relatively recently, clinicians were
not taught to discuss end-of-life issues [57]. During the last
decades, palliative care and advance care planning have been
developed and professionalized [58], but how to incorporate
end of life into the cancer care MetroMap is still an open
question. Is there an end point? How should death be visualized?
These are difficult questions and answers that may also differ
by patient, country, and culture [59,60]. Studies show that
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prognostic and conversation tools may be helpful for discussing
end-of-life care [61], but their development should be
accompanied by reflection on the experience of the patient.

Ethical Challenge 6: Visualizing Care Paths Responsibly
Through Design Justice
In the 4D PICTURE project, service design methods will be
developed and used by designers to help create the MetroMap.
This methodology may give rise to ethical questions, for
instance, because the design researchers will work with people
with different levels of power (medical team vs patient and
family) and need to be aware of sensitivities and vulnerabilities
and also because there is a risk of bias on the part of the
researcher who leads this process [62]. Moreover, we noted
previously that technologies themselves (eg, algorithms) are
not neutral but are packed with values [63]. The same is true
for the cancer care path design as the way in which it is set up
spatially may affect how information is perceived. The lens of
design justice draws attention to this and shows how design
enables or encourages certain actions while excluding or
discouraging others. These design aspects are known as
affordances—properties of an object that suggest possible
actions that users can take (eg, a button affords pushing). In the
context of the 4D PICTURE MetroMap, questions arise
regarding its affordances and disaffordances. For example, if
the map relies heavily on color, it may not be accessible to
clinicians with color blindness. Identifying such issues within
the design process is crucial to ensure that the MetroMap is

inclusive. Thus, design justice brings awareness to often
unconscious design decisions and seeks to rectify historical and
systemic injustices perpetuated by design decisions (eg, a bridge
that is too low for a public bus to pass under, allowing only car
owners to take a certain road [64]). Design justice challenges
power dynamics within design, advocating for the redistribution
of resources and opportunities to address social, economic, and
environmental disparities [63].

An important part of design justice in the 4D PICTURE project
is the impact of what has been dubbed choice architecture (ie,
the number of options presented simultaneously, or their order,
influence which information is best retained by viewers and
which choice is finally made [64-68]). To illustrate, it makes a
difference whether treatment options are presented as “no
treatment vs. treatment” or “no treatment vs. treatment option
1 vs. treatment option 2” because people divide their attention
equally in considering all options [66]. The visualization of
default and deviated decision paths (Figure 3) can also have a
large effect on which choice is made [69]. There is little
evidence from health care on this topic, but cartography research
shows that the linearity of map routes matters in route choices
made by travelers [70]. The effects of choice architecture are
so strong that it works even if decision makers are aware of the
mechanism [71]. One paper about default options in oncology
concludes that further experimental studies are needed to select
which default options successfully change behavior [72], and
to this we add that such investigation should include
consideration of design justice.

Figure 3. Choice architecture—visualization of the default and deviated decision paths.

Some ethics scholars suggest that choices should be presented
in the least directive way, but others have argued for using
conscious choice architecture to stimulate unpopular but
beneficial choices (ie, nudging) [73]. For example, some types
of localized prostate cancer generally present as slow-growing
tumors, and active surveillance of progression while withholding
or postponing treatment is a beneficial option in this case as
treatment has a significant chance of producing complications
[65]. However, medicine is biased toward acting rather than
waiting, leading some clinicians to present patients more

strongly with the different treatment options than with the
possibility of active surveillance. In this example, a MetroMap
might need to be designed as a choice between active
surveillance and treatment first and then as a choice between
treatments. MetroMap designers should deliberate regarding
which effect they wish the MetroMap to have on decisions and
how this is best achieved and underpin the acceptability of this
choice with medical-ethical arguments. Although exerting as
little influence as possible is preferable in most cases, there are
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situations in which some nudging by using ordering effects or
default options can be argued to be justified.

Evaluation and Development of Guidance for Policy
Makers

Overview
The 4D PICTURE project also contains an evaluation of the
MetroMapping design methodology, the MetroMap itself, and
the prognostic model and conversation tool, as well as a
cost-effectiveness evaluation and an assessment of the
generalizability of the methods and developed tools. Moreover,
the project will develop guidance for policy makers about
MetroMapping using a framework that helps understand the
nonadoption; abandonment; and challenges to the scale-up,
spread, and sustainability (NASSS) of health technologies by
professionals or patients [74]. With regard to the evaluation and
policy aspects of the 4D PICTURE project, the following ethical
topics are relevant: reflection on the criteria for evaluation,
balancing ethics with technology adoption, and techno-moral
change.

Ethical Challenge 7: Reflecting on Good Criteria for
(Cost-Effectiveness) Evaluation
In the 4D PICTURE project, questionnaires among patients,
significant others, and clinicians will be used to compare
between the original and redesigned care paths and evaluate the
developed tools. As is good practice within quantitative
evaluation studies and expected by funding agencies, the criteria
based on which the redesigned care paths will be evaluated were
defined in advance. Researchers should consider, together with
patient representatives, which evaluation method and criteria
fit their project best. The same is true for cost-effectiveness
analyses. The ultimate goal of such analyses is to help health
care decision makers choose between competing alternatives
based on some predetermined measure of economic efficiency,
such as cost per life saved, cost per year of life saved, or positive
net benefits. Just like we saw with prognostic models, an
important ethical aspect of cost-effectiveness analyses is that
they “expose...hidden assumptions, and require explicit
judgements to be made about which ethical position is
appropriate in a particular policy context” [75]. Should
cost-effectiveness analyses be used at all, or is it inherently
unjust to compare costs between persons [76]? Such ethical
questions and specific dilemmas regarding cost-effectiveness
have been discussed extensively in the medical ethics literature,
but further work is still needed to see how existing arguments
apply to the novel setting of data-driven and personalized cancer
care.

Ethical Challenge 8: Balancing the Adoption of
Technology With Other Values
Research shows that many innovations are eventually not
adopted [77]. In the 4D PICTURE project, the NASSS
framework is used to study how the developed tools can be
designed to promote adoption and avoid wasting resources.
However, strategies that increase the adoption potential of health
innovations can simultaneously pose ethical dilemmas. An
example is that of a research laboratory that developed care
robots, where the adoption by health care workers was a major

issue (eg, some nurses put the robots in a closet because they
found them annoying) [78]. The researchers discovered that
building gender stereotypes into the robots contributed to their
acceptability and adoptability by health care workers. For
instance, if they developed a robot that was interpreted as
female, the tone of voice was expected to be much more modest
and less authoritative than that of robots that were interpreted
as male. This poses an ethical dilemma: what is the right thing
to do [79]—contributing to acceptability by repeating gender
stereotypes into the design or countering gender stereotypes?
Ethical reflection with stakeholders is needed on how to balance
adoption with other values. This can take the form of structured
methods such as moral case deliberation [80] as well as
structural collaboration between researchers and groups of
patients and the publics, which is discussed under ethical
challenge 10.

Ethical Challenge 9: Anticipating Techno-Moral Change
and Developing New Ethical Frameworks
Innovations are almost never used in practice as intended, and
they often produce unintended, unforeseen, and sometimes even
counterproductive consequences—in other words, “things bite
back” [81]. A simple example is how, when more highways are
built to reduce traffic jams, more people will take their cars, so
no reduction in traffic jams is realized. Often, new technologies
or other innovations influence our concepts and conceptions of
a good life [82,83]. Think of the introduction of the
contraceptive pill that contributed to women’s emancipation or
of blood sugar measurement devices that influence the way in
which patients with diabetes relate to their bodies [84]. This
process of technology and ethics codeveloping has been referred
to as techno-moral change [83]. Techno-moral change is
notoriously hard to research or predict and may complicate the
evaluations and policy development planned in the 4D
PICTURE project and similar health technology projects. In
addition, the 4D PICTURE project itself may contribute to
techno-moral change through the development of prognostic
models and the conversation tool and the redesign of care
paths—these may influence patients’ and clinicians’ moral
routines in unexpected ways or create new moral dilemmas.
Possible techno-moral changes should be anticipated (eg,
through qualitative interviews about the expectations of
stakeholders or through ethnographic observation studies) during
the research phase instead so that they may be acted upon in
time.

A timely example of techno-moral change is the incorporation
of sustainability into evaluation frameworks and to take the
costs, harms, and burdens of health care technology with respect
to the environment into account. Health care has always been
a system with a significant carbon footprint due to the many
single-use products, and now data are also becoming an
important factor [85]. The increasing data storage and analysis
possibilities bring about new moral questions. For instance, is
it proportionate to slightly reduce a certain health risk using a
method that puts a considerably larger burden on the
environment? However, we currently lack ethical vocabulary,
frameworks, and research on this topic. The connection and
trade-offs between health care and planetary health need to be
further studied, and this important aspect will be included in
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the 4D PICTURE project despite not being in the original plan.
For instance, to prime researchers about the topic, the authors
of this paper organized an interactive session about
environmental sustainability during the latest project consortium
meeting and asked each work package to present in the next
consortium meeting how they will address sustainability in their
work.

Project Management, Dissemination, and Ethics

Overview
Similar to most large research projects, the 4D PICTURE project
has several work packages focused on aspects bordering the
science at the project’s core—the coordination, management,
and progress monitoring of the project, as well as the
dissemination of findings and the embedding of ethics
throughout the project. Although it is less obvious, even these
work packages can give rise to ethical issues. We identified the
following issues that are relevant for the 4D PICTURE project
and other research projects on data-driven care: epistemic
injustice, the trading zone, the position of the embedded ethicist,
and psychological safety.

Ethical Challenge 10: Integrating Patients’Experiential
Knowledge to Avoid Epistemic Injustice
The 4D PICTURE project integrates experiential knowledge
from patient and public involvement (PPI) boards in all
participating countries aiming to align care paths with patients’
needs. However, bridging experiential and academic knowledge
presents challenges. How to translate the information shared
by the PPI boards into usable knowledge for the research group?
What to do with contradictions or differences of opinion
[86,87]? A helpful concept is that of epistemic injustice or, in
other words, knowledge-related injustice [88]. This encompasses
testimonial and hermeneutical injustices [89]. Testimonial
injustice arises when dismissing patient experiences as
unreliable, emotional, or irrelevant, potentially leading to a loss
of confidence that causes patients to stay silent [90].
Hermeneutical injustice arises when patients lack the language
or concepts to articulate their experiences [90]. This occurs
because these concepts have not been developed yet, because
patients do not have access to them, or because the concepts
are not recognized by clinicians as the dominant group. In the
4D PICTURE project, the conversation tool is intended to allow
patients to express their experiences and bridge this
hermeneutical gap between patients and professionals.
Awareness of the concept of epistemic injustice may help the
researchers notice instances in which it may play a role and
search for strategies to minimize epistemic injustice during the
research process. Strategies include conveying patient
contributions through stories or alternative mediums such as
visual art, films, or metaphors [90,91]. Researchers must also
undertake “role, emotion, and relationship work,” which
involves switching between different roles (eg, researcher,
facilitator, advocate, relation manager, or coffee maker),
handling loaded emotions with care and empathy (ie, rather
than distancing oneself from the subject), and fostering
relationships [92]. Awareness of these strategies helps minimize
epistemic injustice, ensuring that patients’ voices are valued
and respected in the research process. A final note is that power

dynamics leading to epistemic injustice are influenced by
existing structural inequalities regarding race or socioeconomic
class, for instance. In the 4D PICTURE project, the ethicists
and other researchers will work with the PPI boards on
appropriate ways (eg, payment of the PPI boards) to alleviate
the harmful effects of such structural concerns to help ensure
that all voices are heard equally.

Ethical Challenge 11: Negotiating Shared Knowledge
in “the Trading Zone” Between Disciplines
Often, professionals from different disciplines use different
concepts; ascribe different significance to objects or phenomena;
use different conceptual frameworks; and may also have
different value systems, accountability rules, and quality
indicators. The same is true for clinicians and patients in the
cancer care trajectory—clinicians’ choices and priorities may
conflict with the perspectives of patients (eg, streamlining and
speeding up the care path vs preferring more time to deliberate
treatment options between multiple consultations [55]).
Understanding how to guide collaborations between different
scientific disciplines and with patient representatives in the 4D
PICTURE project can be based on the metaphor of a trading
zone, which is often used to study multidisciplinary scientific
collaborations [93]. In the trading zone, a shared understanding
between the different disciplines and different types of
(experiential) knowledge should be negotiated. This trading
can be facilitated by an agent who is familiar with >1 discipline.
Sometimes, this could be a nurse; in other cases, it can be an
embedded ethicist. To do this effectively and fairly, it is
important to have awareness of power differences and implicit
value frameworks. Are all relevant voices heard and valued
equally [94]? Who has a say in the structure and processes of
collaboration? Whose knowledge counts (see the aforementioned
concept of epistemic injustice)?

To avoid one perspective overshadowing another, collaborators
should think about how to handle differences of opinion in
meetings and how to ensure that all participants make
sufficiently equal contributions. Strategies to divide power
equally in the trading zone can consist of making the differences
in vocabulary, systems of recognition, and value systems
explicit; making use of boundary objects that facilitate exchange
between multiple worlds [95]; develop meeting structures that
stimulate an explicit deliberation; and decide in advance which
agents in a project are best placed to facilitate collaboration in
the trading zone (this is not always the project lead). Of note is
that the trading zone metaphor is relevant not only during the
conduct of research but also in the dissemination phase.
Dissemination is in itself an ethical imperative, especially when
the research was publicly funded, but also comes with ethical
sensitivities [96]. Collaborative efforts between different types
of partners (eg, clinician researchers, developers, and patient
representatives) can help facilitate the trading or sharing of
knowledge in a way that is valuable for reaching different
stakeholders. As such, dissemination can help combat epistemic
injustice as well as demystify scientific concepts and hypes such
as those surrounding AI [97]. Dissemination should always be
planned so that the outputs are contextualized and sensitive to
the experiences of the group under study (in our case, patients
with cancer) [98].
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Ethical Challenge 12: Establishing the Position of the
Embedded Ethicist
Ethicists are embedded in the 4D PICTURE project to conduct
this literature review and several empirical studies about ethical
issues, as well as to provide support with ad hoc ethical issues
by joining scientific meetings and providing internal trainings.
In bioethics, there have been long-standing debates about how
empirical data relate to normative reasoning and about the role
of the ethicist in health research [99]. Should an ethicist be a
critical, distant outsider or be part of the research practice? We
find that a more embedded role is called for right now. Take the
example of AI—while several organizations have developed
general principles for AI in health care, the ethical difficulties
lie in applying these principles and making trade-offs in actual
research practices. Embedded ethics can fill this gap between
intentions and actions by engaging in practical and relational
work on ethics within a specific research project or development
process [7]. However, there are also some risks and
disadvantages to embedded ethics. Namely, as the ethicist’s
normative analysis is so close to research practice, there is a
risk that more fundamental ethical questions will not be
discussed and researched. An example is the growing influence
of big tech on our health care systems—as research ethics
committees have only focused on topics such as privacy in
individual research projects and specific tools to be developed,
they lack an ethical framework to meaningfully weigh the
broader collaboration with industry. Ethicists can sometimes
secure power instead of challenging it because “they locate the
source of the problem in individuals or technical systems instead
of acknowledging structural power differences and working
structurally towards dismantling them” [100]. In certain cases,
there is a risk of this leading to ethics washing or lip service to
industry [7]. Thus, in large interdisciplinary health research
projects, one should not forget to consider “the ethics of the
ethics work package.” Moreover, we find that ethics should be
recognized as a shared responsibility—the embedded ethicists
can sensitize other consortium members to the ethical aspects
but cannot be solely responsible for the normative assessments
of the research and the tools being developed.

Ethical Challenge 13: Ensuring Psychological Safety in
Research Teams
Finally, an underappreciated ethical aspect of research is
psychological safety, which is defined as “the belief that one
will not be punished or humiliated for speaking up with ideas,
questions, concerns, or mistakes, and the team is safe for
interpersonal risk taking” [101]. Safe environments are those
where it does not feel risky to express one’s thoughts, doubts,
questions, and errors. As such, psychological safety is a key
condition for high-performance research teams as this safe
environment promotes takings risks as well as reporting mistakes
and learning from them. Psychological safety also influences
the degree to which people speak up about (research) misconduct
and promotes open discussions about grey areas or so-called
questionable research practices such as cutting corners due to
time pressure [102]. In the same vein, it is a precondition for
opening up about moral dilemmas in research and development.
Strategies for promoting psychological safety include
encouraging vulnerability, active listening, appreciating diverse

perspectives, promoting a culture of feedback and learning,
establishing clear expectations, celebrating experimentation,
treating mistakes as learning opportunities, providing tools and
training for effective conflict resolution, using metrics to
regularly assess psychological safety levels, and leadership
actively endorsing psychological safety [101]. Of course, in
large projects, the level of psychological safety differs by
collaborating partner, but it can still be influenced by the project
and work package leads.

Discussion

In this paper, we have described relevant ethical challenges that
should be considered when developing data-driven DSTs for
more personalized cancer care. We based our review on the
European 4D PICTURE research project, and as such, this paper
is the first review grounded explicitly in the Embedded Ethics
approach [7]. Using a collaborative and iterative methodology
helped provide a broad overview of the ethics of this
heterogeneous and interdisciplinary project. This overview
serves as starting point for developing actionable guidance for
the project and potentially beyond, as well as for further
empirical and theoretical ethics research and future
collaborations with developers, clinicians, researchers, and the
PPI boards in the 4D PICTURE project. As such, we add to
discussions in previous, more systematic literature reviews about
data-driven DSTs in health care, which have mostly highlighted
general, high-level ethical principles of respect for patient
autonomy, prevention of harm, fairness, explicability, and
privacy [103], as well as professional autonomy, bias and justice,
and explicability [104]. Another study applied an ethical
framework on AI-guided clinical decision support and used case
examples to illustrate key issues of accountability and
transparency, the potential for group harm, efficiency of health
care, and conflicts between roles and responsibilities [105].
Such examples are insightful but provide less detail than a
review of a complete research project. The iterative process of
extracting themes by moving between key papers and
discussions with the consortium helped us describe more specific
examples of the universal themes in the literature and uncover
additional challenges unrelated to the technical and medical
core of the project. As such, our embedded review highlights
ethical aspects previously neglected in the digital health ethics
literature and zooms in on real-world challenges in an ongoing
project.

Several identified ethical challenges (challenges 1-4) were
related to the data and algorithms needed to develop data-driven
DSTs in oncology. Prominent issues were indeed bias and
privacy, which have been extensively described in previous
literature reviews, yet our analysis gave rise to more specific,
real-world questions for further research and advice (eg, “what
are the arguments for including or excluding postal code in a
prognostic model for cancer treatment outcome?” or “should
posts on online patient fora be considered part of the public
domain or is consent needed to use them for the development
of conversation tools in oncology?”). Other topics (challenges
5 and 6) revolved around the specific design methodology used
in the 4D PICTURE project. Questions arose about design
justice that have not been previously addressed in the context

JMIR Cancer 2025 | vol. 11 | e65566 | p.255https://cancer.jmir.org/2025/1/e65566
(page number not for citation purposes)

Bak et alJMIR CANCER

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


of DSTs for health care. Furthermore, we described various
ethical aspects related to broader policy issues in health care
(challenges 7-9). Lysaght et al [105] have previously mentioned
the cost-effectiveness of data-driven DSTs and financial
sustainability of health care systems as important ethical issues,
and we have added that environmental sustainability is also a
timely ethical consideration—currently, there is a lack of
knowledge on how to apply sustainability in practice and how
to balance it with competing values.

Finally, various challenges that we described in this paper do
not relate directly to the DST as the outcome of the 4D
PICTURE project but rather to the research process itself (eg,
to the project management or results dissemination). We
highlighted the importance of epistemic justice in the
collaboration with patients and between different disciplines,
questioned the role of the embedded ethicist who may not be
fully independent themselves, and called for attention to
psychological safety (challenges 10-13). The latter topic is
increasingly discussed in various sectors of work, including
health care, but is generally not an agenda point for international
consortia even though project leaders seem to have an important
role model function. Therefore, a key outcome of this embedded
ethics review is that researchers and leaders in medical
data-driven research projects should not forget the ethical
challenges of the work that surrounds the scientific core of the
project.

Our methodology is novel but not without limitations. The
literature search was not systematic, so the results are not
exhaustive, and the identification of ethical challenges was to
a certain extent subjective and colored by the preferences and
knowledge of the ethicists that conducted it. We addressed this
by conducting a member check with 4D PICTURE researchers,
but we propose that, in future projects, a check by an external
ethicist could serve as additional validation. In addition, the
definition of ethical challenges could be developed together
with participants (in our case, the researchers in the 4D
PICTURE project) to avoid variation and achieve clarity in the
analysis and interpretation [10]. Moreover, new issues may
come up after the publication of this paper as the project is still
evolving. While these will be addressed in annual documents
shared within the consortium (a sort of rolling review), this
paper is not as dynamic or adaptable. Further thought is needed
on how to better match the publication of ethics research with

the developments in medical and data science and the possibility
for techno-moral change (eg, should it be possible to update
papers after publication in an academic journal to ensure that
they remain up-to-date and relevant?). Finally, a general
limitation of embedded ethics research is inherently tied to its
main strength of providing actionable recommendations within
a specific project—namely, ethicists should ensure not to lose
sight of the broader structural and systemic issues underlying
the particular questions discussed within the scope of a project.
For instance, the focus on the 4D PICTURE project limited our
discussions on data bias to the European context, if that even
exists, whereas a huge concern is data poverty in low- and
middle-income countries that may have fewer means to
digitalize health care systems [106]. Another example relates
to the more structural socioeconomic inequalities that influence
digital inclusion efforts, which cannot be solved within applied
research projects focused on developing digital tools [107]. We
need to consider, in future work, how embedded ethicists can
put such structural issues on the agenda when their work is tied
to specific ethics work packages in highly delineated projects.

In conclusion, this viewpoint shows that a lot may be gained
when ethics is embedded into a project from the start. Analysis
of existing literature was deepened, and findings were made
more actionable through the iterative collaboration between
ethicists and other researchers in a large research consortium.
For instance, the work on this embedded ethics review led to
further collaboration with the design researchers in the 4D
PICTURE project to pre-emptively reflect on ethical challenges
that may arise during their fieldwork of shadowing patients to
analyze oncology service design [62], thus laying the
groundwork for responsible visualization and redesign of care
paths (challenge 6) while ensuring that patients and their voices
are respected in the research process (challenge 10). We suggest
that ethicists working in interdisciplinary projects should not
automatically opt for systematic or scoping reviews of a single
question but rather consider whether a more applied Embedded
Ethics review strategy might sometimes better fit their practical
and theoretical aims. Ethics often formulates abstract, high-level
principles, and in this paper, we have shown how these can be
operationalized in practice, in particular when designing and
developing data-driven support tools for improving cancer care.
Taking on board the identified challenges and recommendations
will help ensure that data-driven innovations in oncology are
developed in an appropriate and patient-centered manner.
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Abstract

Background: People with advanced ovarian cancer and their caregivers report unmet supportive care needs. We developed a
Collaborative Agenda-Setting Intervention (CASI) to elicit patients’ and caregivers’ needs through the patient portal before a
clinic visit and to communicate these needs to clinicians using the electronic health record.

Objective: We aimed to assess the usability and acceptability of the CASI and identify barriers to and facilitators of its
implementation.

Methods: We recruited English- and Spanish-speaking patients, caregivers, and clinicians from the gynecologic oncology
program at a comprehensive cancer center. Participants used the CASI prototype and then completed individual cognitive interviews
and surveys. We assessed usability with the System Usability Scale (scores range 0‐100, scores ≥70 indicate acceptable usability)
and acceptability with the Acceptability of Intervention Measure and Intervention Appropriateness Measure (scores for both
measures range from 1 to 5, higher scores indicate greater acceptability). Interviews were audio recorded, transcribed, and analyzed
using directed content analysis. Domains and constructs from the Consolidated Framework for Implementation Research comprised
the initial codebook. We analyzed survey data using descriptive statistics and compared usability and acceptability scores across
patients, caregivers, and clinicians using analyses of variance.

Results: We enrolled 15 participants (5 patients, 5 caregivers, and 5 clinicians). The mean System Usability Scale score was
72 (SD 16). The mean Acceptability of Intervention Measure and Intervention Appropriateness Measure scores were 3.9 (SD
1.0) and 4.1 (SD 0.8), respectively. Participants viewed the CASI content and format positively overall. Several participants
appreciated the CASI’s integration into the clinical workflow and its potential to increase attention to psychosocial concerns.
Suggestions to refine the CASI included removing redundant items, simplifying item language, and adding options to request a
conversation or opt out of supportive care referrals. Key barriers to implementing the CASI include its complexity and limited
resources available to address patients’ and caregivers’ needs.

Conclusions: The CASI is usable and acceptable to patients with advanced ovarian cancer, caregivers, and clinicians. We
identified several barriers to and facilitators of implementing the CASI. In future research, we will apply these insights to a pilot
randomized controlled trial to assess the feasibility of comparing the CASI to usual care in a parallel group-randomized efficacy
trial.

(JMIR Cancer 2025;11:e66801)   doi:10.2196/66801

KEYWORDS

ovarian neoplasm; ovarian cancer; cancer; oncology; oncologist; metastases; communication; physician-patient relations; electronic
health record; EHR; electronic medical record; EMR; implementation science; digital; digital health; digital technology; digital
intervention; mobile phone
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Introduction

Patients undergoing treatment for advanced ovarian cancer
commonly experience burdensome disease- and
treatment-related symptoms [1] followed by cancer recurrence
after treatment completion [2]. Challenged to adapt to a chronic,
life-limiting condition, more than two-thirds of patients with
advanced ovarian cancer and their caregivers report at least 1
moderate-to-high unmet supportive care need [3]. Such needs
negatively impact patients’and caregivers’health-related quality
of life and are associated with a higher likelihood that patients
will require emergency department visits and hospitalizations
[4]. In 2022, a multidisciplinary expert panel recommended the
provision of individualized and timely resources to address the
unmet supportive care needs of patients with advanced ovarian
cancer and their caregivers [5]. Likewise, health authorities in
the United States, Canada, and the United Kingdom have
advocated for the delivery of person-centered (alternatively,
“patient-centered”) cancer care [6-8].

Person-centered care entails eliciting and responding to patients’
and caregivers’ goals, values, and preferences in a system that
supports high quality communication between patients,
caregivers, and clinicians [9,10]. Research suggests the provision
of person-centered care has the potential to improve health
outcomes in patients with cancer [11]. In our prior work, we
found that communication that fosters healing patient-clinician
relationships is associated with better social and family
well-being and lower symptom burdens among people with
ovarian cancer [12,13]. Patients in these studies wanted their
clinicians to be proactive and attentive to patients’psychosocial
concerns and other supportive care needs [13]. However, time
constraints, medical complexity, and inadequate resources for
follow-up care may challenge clinicians to identify and manage
nonmedical needs routinely [14-16].

To overcome these barriers, we used a design thinking approach
to develop a Collaborative Agenda-Setting Intervention (CASI)
to promote person-centered ovarian cancer care [17]. The CASI
is a patient portal- and electronic health record (EHR)–integrated
tool that aims to improve patient and caregiver well-being by
routinely eliciting patients’ and caregivers’ values, preferences,
and supportive care needs. The CASI supports agenda-setting
and person-centered communication between patients,
caregivers, and clinicians. The American Society of Clinical
Oncology [18] and the European Society for Medical Oncology
[19] have published guidelines for person-centered
communication which direct clinicians to routinely set an agenda
for visits by sharing their goals and eliciting topics that patients
and caregivers wish to address. In the primary care setting,
agenda-setting has been shown to increase person-centered care
without prolonging visit duration [20] and to reduce clinician
burden by preventing late-breaking concerns [21]. To date,
however, research on agenda-setting interventions in cancer
care is limited. The purpose of this study, therefore, was to
assess the usability and acceptability of the CASI and identify
barriers to and facilitators of implementing the CASI in this
setting.

Methods

Study Design
We conducted a cross-sectional study using qualitative and
quantitative methods. Our approach to data collection and
analysis was guided by principles of design thinking [17] and
the Consolidated Framework for Implementation Research
(CFIR) [22]. According to the CFIR, the likelihood of successful
implementation is affected by 5 domains: the inner setting (ie,
the setting in which the innovation is being implemented), the
outer setting (ie, the community or system in which the inner
setting exists), the characteristics of the innovation itself, the
characteristics of the individuals who will interact with the
innovation, and the process by which the innovation is
implemented [22]. We tested the CASI prototype and elicited
stakeholder perspectives on each of the CFIR domains.

Recruitment
We recruited participants from the gynecologic oncology clinic
of a National Cancer Institute–designated comprehensive cancer
center. Patients were eligible if they were English- or
Spanish-speaking adults with stage III, stage IV, or recurrent
ovarian cancer. Caregivers were eligible if they were English-
or Spanish-speaking adults who self-identified as the caregiver
of a person with stage III, stage IV, or recurrent ovarian cancer.
Enrollment in the cancer center’s patient portal was not required
for study participation. Patients and caregivers were purposively
sampled to ensure representation of diverse demographic groups.
We approached potentially eligible patients and caregivers in
person during regularly scheduled clinic visits. Clinicians were
eligible if they were an oncologist or advanced practice provider
who cared for at least 4 outpatients per month with stage III,
stage IV, or recurrent ovarian cancer. We introduced this study
at a weekly provider meeting, then approached individual
clinicians via email.

Ethical Considerations
All participants provided written informed consent and received
US $25 upon data collection. Study data were deidentified
before analysis. The Dana-Farber Cancer Institute Institutional
Review Board approved all study procedures (protocol
#21‐322).

Intervention Characteristics
An intervention schema is provided in (Figure 1). The CASI
has been integrated into Epic (Epic Systems Corporation), which
is the most widely used EHR system in the United States [23].
The CASI is currently available in English and Spanish and has
an English-language Flesch-Kincaid reading level of grade 6.9.
Patients complete the CASI through the patient portal, which
can be accessed on any smartphone, tablet, laptop, or desktop
computer. Patients without a personal device may complete the
CASI on a tablet provided by the clinic at the time of check-in.
Caregivers with proxy access to the patient portal may complete
the CASI in the same fashion as patients. Clinicians access the
patient’s or caregiver’s responses to the CASI in Epic
hyperspace, which is the clinician-facing EHR platform.
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Figure 1. CASI schema. CASI: Collaborative Agenda-Setting Intervention.

Patients and caregivers are prompted through the patient portal
to complete the CASI no more than 7 days before an upcoming
clinic visit. Completing the CASI involves responding to 2
questionnaires as frequently as once every 3 weeks. The first
questionnaire includes items about values, preferences, and
communication needs. Selected items were derived from the
Control Preferences Scale [24], which is a validated measure
of patients’ preferred level of involvement in medical
decision-making, and the SHARE questionnaire [25], a
communication intervention designed to elicit patients’
preferences and goals. Patients and caregivers complete the first
questionnaire the first time they use the CASI. Thereafter,
patients and caregivers have the option to update their responses
but are not required to repeat the questionnaire. The second
questionnaire includes items derived from the National
Comprehensive Cancer Network Distress Thermometer Problem
List [26], which asks respondents to select the physical,
emotional, social, practical, spiritual, and other concerns
experienced during the past 7 days. Patients and caregivers
complete the second questionnaire every time they use the CASI.
Patients and caregivers receive standardized question prompt
lists through the patient portal for each of the concerns they
identify. In addition, a member of this study’s team assists with
follow-up navigation and initiating referrals when warranted.

Responses to both questionnaires are stored in Epic and
associated with the appropriate upcoming clinical encounter.
Clinicians can view CASI questionnaire responses in the
rooming tab of the visit note (which contains patient-reported
symptoms, vital signs, and information collected by the clinic
assistant before the patient is seen by the physician or advanced
practice provider), during chart review, or by using a smart
phrase to populate the narrative history of present illness with
the most recent CASI questionnaire responses. When a patient
or caregiver completes the CASI, a member of this study’s team
emails the clinician a summary of the CASI responses, offers
to initiate referrals, shares links to evidence-based
communication guidance, and reminds the clinician how to use
the CASI smart phrase to populate their visit note.

Data Collection

Participant Characteristics
All participants self-reported age, gender, ethnicity, and race.
Patients and caregivers self-reported marital status, annual
household income, and educational attainment. Caregivers
self-reported their relationship to the patient and the number of
clinic visits they attended with the patient in the last 6 months.
Clinicians self-reported their clinical role and specialty, number
of patients seen with advanced ovarian cancer per month, and
number of years spent caring for patients with advanced ovarian
cancer.

Cognitive Interviews
We conducted individual, semistructured cognitive interviews
with patients, caregivers, and clinicians in person and over
Health Insurance Portability and Accountability Act–compliant
video conferencing software (Multimedia Appendix 1). To
identify potential usability challenges, participants were
instructed to think aloud as they used the CASI in a testing
environment that was not linked to the EHR. Trained
interviewers (RAP, JB, and PB) observed participants, made
note of any sections of the CASI that were difficult for
participants to navigate, and invited participants to comment
on aspects of the CASI’s content and design. Interviews with
Spanish-speaking participants were conducted in Spanish by a
bilingual member of this study’s team (JB). All participants
reviewed patient- and caregiver-facing content, but only
clinicians reviewed clinician-facing content. To identify
potential barriers to implementing the CASI, interviewers asked
participants to consider integration of the CASI into their
existing routine, identify barriers to using the CASI regularly,
and identify strategies to minimize patient, caregiver, and
clinician burden. Interviews were audio recorded, professionally
transcribed, and professionally translated from Spanish to
English when applicable. Following cognitive interviews,
participants completed a REDCap (Research Electronic Data
Capture; Vanderbilt University) [27,28] survey that included
quantitative measures of usability, acceptability, and burden.
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We refined the CASI in response to cognitive interview
feedback.

Usability
The System Usability Scale (SUS) is a 10-item scale that
assesses the usability of electronic systems. The SUS yields a
single number representing a composite measure of the overall
usability of the system being studied. Scores for individual items
are not meaningful on their own. Total scores range from 0 to
100; higher scores indicate better usability [29], and scores of
70 or greater are acceptable [30].

Acceptability
The Acceptability of Intervention Measure (AIM) and
Intervention Appropriateness Measure (IAM) are 4-item scales
that each assess a single dimension of intervention acceptability.
Response options range from 1 (“completely disagree”) to 5
(“completely agree”). Total scores for each measure range from
1 to 5. While cut scores have not yet been established for these
measures, higher scores represent better acceptability [31].

Participant Burden
We assessed participant burden by asking participants to rate
the extent to which they agreed with the statement “using the
CASI placed a considerable burden on me.” Response options
ranged from 1 (“strongly disagree”) to 5 (“strongly agree”).

Analysis

Cognitive Interviews
We analyzed transcripts of cognitive interviews using directed
content analysis [32]. Directed content analysis involves drawing
key constructs from existing theory to develop an initial
codebook. When one or more text segments are not represented
in the initial codebook, the investigator creates new codes. Our
initial codebook was based on the 2009 version of the CFIR
domains and constructs. Author RAP, a nurse scientist with
expertise in qualitative research, read and coded all transcripts

in their entirety. To enhance trustworthiness and foster
reflexivity, coding was reviewed by members of this study’s
team with expertise in clinical research (JB) and health
informatics (PB). Differences in data interpretation were
resolved through discussion. We used MAXQDA 2022 (VERBI
Software GmbH) to support qualitative data management.

Quantitative Measures
We summarized participant characteristics and SUS, AIM, and
IAM scores using descriptive statistics. We performed analyses
of variance to identify differences in SUS, AIM, and IAM scores
across patients, caregivers, and clinicians and considered values
of P<.05 significant.

Results

Participant Characteristics
Data collection took place between August 2023 and July 2024.
Interviews lasted an average of 40 (SD 10) minutes. A total of
15 participants (5 patients, 5 caregivers, and 5 clinicians)
completed this study. Characteristics of each participant group
are detailed in Table 1. Briefly, participants were predominantly
women (11/15, 73%), White (12/15, 80%), non-Hispanic (11/15,
73%), and working full- or part-time (9/15, 60%). Patients and
caregivers were most commonly married or partnered (5/10,
50%) college graduates (5/10, 50%) and reported a range of
annual household incomes: less than US $24,000 (2/10, 20%),
US $75,000 to US $119,000 (2/10, 20%), or US $120,000 or
more (2/10, 20%) per year. Caregivers identified as spouses or
partners (2/5, 40%), parents (2/5, 40%), and friends (1/5, 20%)
of patients. Caregivers had most often attended between 5 and
9 clinic visits with patients in the last 6 months (2/5, 40%).
Clinicians were primarily physicians working in medical
oncology (3/5, 60%) who reported caring for more than 20
patients with advanced ovarian cancer each month (5/5, 100%)
and had 15‐19 years of experience caring for patients with
advanced ovarian cancer (3/5, 60%).
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Table . Participant characteristics.

CliniciansCaregiversPatientsTotal

All participants (N=15)

54 (16)66 (19)66 (5)61 (13)Age (years), mean (SD)

Gender, n (%)

4 (80)2 (40)5 (100)11 (73)Woman

1 (20)3 (60)0 (0)4 (27)Man

Ethnicity, n (%)

0 (0)2 (40)2 (40)4 (27)Hispanic

5 (100)3 (60)3 (60)11 (73)Non-Hispanic

Race, n (%)

1 (20)0 (0)1 (20)2 (13)Asian

0 (0)0 (0)1 (20)1 (7)Native American

4 (80)5 (100)3 (60)12 (80)White

Employment status, n (%)

5 (100)3 (60)1 (20)9 (60)Working

0 (0)2 (40)2 (40)4 (27)Retired

0 (0)0 (0)2 (40)2 (13)Disabled

Patients and caregivers (n=10)

Marital status, n (%)

—a2 (40)3 (60)5 (50)Married or part-
nered

—2 (40)1 (20)3 (30)Single or never
married

—1 (20)1 (20)2 (20)Divorced

Annual household income (US $), n (%)

—0 (0)2 (40)2 (20)Less than $24,000

—0 (0)1 (20)1 (10)$45,000-$74,999

—1 (20)1 (20)2 (20)$75,000-$119,000

—1 (20)1 (20)2 (20)$120,000 or more

—3 (60)0 (0)3 (30)Missing

Educational attainment, n (%)

—0 (0)2 (40)2 (20)Did not graduate
high school

—1 (20)0 (0)1 (10)Graduated high
school

—3 (60)2 (40)5 (50)Graduated college

—1 (20)1 (20)2 (20)Postgraduate de-
gree

Caregivers (n=5)

Relationship to patient, n (%)

—2 (40)——Spouse or partner

—2 (40)——Parent

—1 (20)——Friend

Clinic visits attended with patient in last 6 months, n (%)

—2 (40)——5‐9
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CliniciansCaregiversPatientsTotal

—1 (20)——10‐14

—1 (20)——15‐19

—1 (20)——20 or more

Clinicians (n=5)

Role, n (%)

3 (60)———Physician

2 (40)———Advanced practice
nurse

Patients seen with advanced ovarian cancer per month, n (%)

5 (100)———20 or more

Clinical specialty, n (%)

5 (100)———Medical oncology

Years caring for patients with advanced ovarian cancer, n (%)

1 (20)———10‐14

3 (60)———15‐19

1 (20)———20 or more

aNot applicable.

Usability, Acceptability, and Burden
SUS, AIM, and IAM scores by participant group are reported
in Table 2. Briefly, the overall mean SUS score was 72 (SD
16), which is above the threshold of acceptable usability [30].
The overall mean AIM score was 3.9 out of 5 (SD 1), while the
overall mean IAM score was 4.1 out of 5 (SD 0.8). There were

no statistically significant (P<.05) differences in SUS, AIM, or
IAM scores across patients, caregivers, and clinicians. Moreover,
1/15 (7%) participants reported that the CASI was burdensome;
this participant was a patient who experienced difficulty
adjusting the font size on the CASI questionnaires during
usability testing.

Table . Usability and acceptability of the Collaborative Agenda-Setting Intervention.

P valueF test (df)Clinicians (n=5),
mean (SD)

Caregivers (n=5),
mean (SD)

Patients (n=5),
mean (SD)

Overall (n=15),
mean (SD)

.470.82 (2)73 (20)78 (12)64 (15)72 (16)SUSa

.950.05 (2)4 (1.2)4 (1)3.8 (0.8)3.9 (1)AIMb

.930.07 (2)4.2 (0.8)4.2 (0.8)4 (0.8)4.1 (0.8)IAMc

aSUS: System Usability Scale. Possible scores range from 0-100. Higher scores indicate greater usability, and scores ≥70 suggest above-average usability.
bAIM: Acceptability of Intervention Measure. Possible scores range from 1‐5. Higher scores indicate greater acceptability and appropriateness,
respectively.
cIAM: Intervention Appropriateness Measure. Possible scores range from 1‐5. Higher scores indicate greater acceptability and appropriateness,
respectively.

Cognitive Interview Findings

Suggested Revisions
Participants made numerous suggestions to improve the clarity
and helpfulness of CASI questionnaire items. For example,
several participants suggested reducing the number of response
options on the Control Preferences Scale from 5 to 3.
Participants also identified several items they felt were
redundant. Caregiver participants suggested explicitly instructing
caregivers to respond on behalf of the patient. Clinician
participants were concerned about patients and caregivers being

“locked in” to a specific preference or decision. For example,
these participants suggested the CASI ask patients and
caregivers what topics they would like to discuss rather than
giving them the opportunity to identify topics they would like
to avoid. Furthermore, 1 clinician observed that this modification
would allow clinicians to raise topics they believed needed to
be addressed even if the patient or caregiver was not previously
interested in discussing it. Finally, some participants wanted
the option to request a follow-up phone call or to opt out of
navigation (ie, a follow-up phone call that would arrange for
them to see social work or chaplaincy). A detailed list of
suggested and incorporated revisions is provided in Table 3.
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Table . CASIa revisions derived from cognitive interviews.

Actions takenNumber recommending (n)Participant recommen-
dations

All, n (%)CLdCGcPTb

Rephrased items to im-
prove clarity.

11 (73)245Rephrase items for
clarity

Revised items to elimi-
nate redundancy.

5 (33)104Eliminate redundant
items

Added item that reads:
“Would you like some-

5 (33)023Provide an option for
personal interaction

one to contact you
about your options for
additional support?”

Rephrased Control
Preferences Scales to

3 (20)210Avoid locking patients
and clinicians into a
preference or decision refer to “most deci-

sions.” Removed items
allowing patients to in-
dicate they “never”
want to talk about a
specific topic or under-
go a specific proce-
dure.

Planned: Will confirm
with clinicians whether

3 (20)201Consider limiting ad-
ministration to patients

potential participantswho are not on their
first line of treatment are appropriate for pi-

lot RCT.e

Reframed items to al-
low patients to indicate

3 (20)210Revise items to reduce
anxiety

that they would like to
discuss a certain topic
with their clinician.

Added option for care-
giver respondent to re-

2 (13)011Account for different
caregiving roles

port their name and re-
lationship to the pa-
tient.

Planned: Will enroll
participants receiving

2 (13)110Administer every 3‐4
weeks

treatment every 3
weeks into pilot RCT.

Added the following
instructions: “The fol-

2 (13)020Clarify instructions for
caregivers

lowing questions
should be answered
from the patient’s per-
spective. Please re-
spond on behalf of the
patient.”

Added item that reads:
“Would you like some-

1 (6.7)001Account for prefer-
ences for in-person

one to contact youversus digital communi-
cation about your options for

additional support?”

Improved readability
of provider-facing Epic
flow sheet.

1 (6.7)010Allow for preference
tracking over time

JMIR Cancer 2025 | vol. 11 | e66801 | p.268https://cancer.jmir.org/2025/1/e66801
(page number not for citation purposes)

Pozzar et alJMIR CANCER

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Actions takenNumber recommending (n)Participant recommen-
dations

All, n (%)CLdCGcPTb

Added open-ended
item that reads “What
does a good day look
like to you?”

1 (6.7)010Ask an open-ended
item about what is
meaningful to the pa-
tient

Added open-ended
item that reads “What,
if anything, can we do
to help you support the
patient?”

1 (6.7)010Ask what caregiver is
going through

Rephrased to “with a
lot of detail” and
“without a lot of de-
tail.”

1 (6.7)100Consider removing the
option to request exact
numbers and statistics

Planned: In emails to
clinicians, study team
will highlight changes
in concerns.

1 (6.7)100Differentiate between
ongoing and new or
acute concerns

Planned: Study team
will provide first-line
follow-up and will
track time spent re-
sponding to patient
concerns.

1 (6.7)100Ensure mechanism for
prompt follow-up

Planned: In emails to
clinicians, study team
will highlight changes
in concerns.

1 (6.7)100Alert clinicians to un-
met needs or changes
in CASI responses

Added item that reads:
“Would you like some-
one to contact you
about your options for
additional support?”

1 (6.7)001Make follow-up naviga-
tion optional

Added “the care I
would like to receive if
my health worsens” as
a possible discussion
topic.

1 (6.7)100Prompt patients to con-
sider code status discus-
sion

Reduced the number of
response options on the
Control Preferences
Scales from 5 to 3. Re-
vised items related to
communication prefer-
ences.

1 (6.7)100Reduce number of re-
sponse options for
items about shared deci-
sion-making and com-
munication preferences

aCASI: Collaborative Agenda-Setting Intervention.
bPT: patient.
cCG: caregiver.
dCL: clinican.
eRCT: randomized controlled trial.

Barriers to and Facilitators of Implementation

Overview

Participants identified barriers to and facilitators of
implementing the CASI across 4 CFIR domains: outer setting,

inner setting, innovation characteristics, and individual
characteristics. Exemplary quotes for the CFIR constructs
addressed by participants are provided in Table 4. Definitions
of each construct as they pertain to the CASI are incorporated
into the Results section below.
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Table . Potential barriers to and facilitators of implementing the Collaborative Agenda-Setting Intervention.

Exemplary quotesRole in implementationParticipants reporting, n (%)CFIRa domain and construct

Outer setting

“I think the tool worked
nicely. Provocative, but I

Facilitator15 (100)Needs and resources of
those served

think helpful. I think some
people-- there is my good
friend with cancer who does
not want to know anything,
absolutely nothing, but what
has to happen today-- and I
am the one who wants to
know the future. So I think
it is helpful.” [Female pa-
tient, aged 62 years]

Inner setting

“I do think any way you can
streamline information to

Facilitator5 (33)Compatibility

actually come to the clini-
cian will help a lot in terms
of its usability.” [Female
advanced practice nurse,
10‐14 years of experience]

“I mean there is unfortunate-
ly a huge problem now with

Barrier5 (33)Available resources

social work in that there are
no social workers. We have
one remaining social worker
in GI; we have two social
workers in GYN, but they
are really strapped, and I
have found meaningful so-
cial work contact almost
impossible.” [Female medi-
cal oncologist, 20+ years of
experience]

“There are very few patients
who are like, ‘I feel great,

Both3 (20)Relative priority

and I don’t have any of these
things,’ you know, but the
things that they have are of-
ten the same and constant
from visit to visit.” [Female
medical oncologist, 15‐19
years of experience]

“That would be helpful be-
cause you know that ques-

Facilitator3 (20)Tension for change

tion about anxiety and stuff
I mean I have anxiety, I
have anxiety about the fi-
nances I am primarily the
one that has been managing
the finances and seeing us
through all of this.” [Male
spousal caregiver, age not
reported]

“I think it is important for us
to know that the patients are

Barrier1 (6.7)Networks and communica-
tions

approached so we expect
what will happen because
there are going to be ques-
tions which is fine.” [Male
medical oncologist, 15‐19
years of experience]
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Exemplary quotesRole in implementationParticipants reporting, n (%)CFIRa domain and construct

Innovation characteristics

“It’s not clear to me whether
it’s me you’re asking about
or you’re asking about her,
and I should be answering
questions about her.” [Fe-
male friend, aged 79 years]

Barrier12 (80)Complexity

“Okay… So now I should
press here? Where should I
press now?” [Female pa-
tient, aged 63 years]

Barrier12 (80)Design quality and packag-
ing

“It is nice to know if what
kind of person they are so I
can start understanding their
values.” [Female advanced
practice nurse, 10‐14 years
of experience]

Facilitator5 (33)Relative advantage

“[One concern would be if]
you can’t go do this other
thing that you were sup-
posed to because you made
a [different] decision back
then.” [Male adult child
caregiver, age not reported]

Both4 (27)Adaptability

“And for a caregiver, how
would you present this to
them? I mean I’m certainly
not on her patient [portal].”
[Female friend, aged 79
years]

Both4 (27)Trialability

Individual characteristics

“I like just to talk. I’m not a
person that likes filling out
answers, to be honest with
you.” [Female patient, aged
61 years]

Barrier11 (73)Other personal attributes

“Even if they are finished
with treatment, the last thing
they want to think about is
a conversation about death
and dying when they think
they are cured.” [Female
advanced practice nurse,
15‐19 years of experience]

Barrier3 (20)Knowledge and beliefs
about the innovation

“Would I know some of
these things? Yes, perhaps,
but I would not feel comfort-
able with [reporting them on
the patient’s behalf].” [Fe-
male friend, aged 79 years]

Both3 (20)Self-efficacy

“The only one that would
make me change my manage-
ment style would be the last
one, which is, ‘I prefer to
leave all treatment decisions
to my doctor.’” [Female
medical oncologist, 15‐19
years of experience]

Barrier2 (13)Individual stage of change
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Exemplary quotesRole in implementationParticipants reporting, n (%)CFIRa domain and construct

“I have other sources [of
health care].” [Female
friend, aged 79 years]

Barrier1 (6.7)Individual identification
with organization

aCFIR: Consolidated Framework for Implementation Research.

Outer Setting

All participants (15/15, 100%) addressed the needs and resources
of those served, referring to the extent to which the needs of
end users are accurately known and prioritized by the CASI
[22]. Comments related to this construct were overwhelmingly
positive. Participants reported that the topics addressed by the
CASI are important, and they appreciated that the CASI was
brief and easy to use. Further, 1 caregiver was especially
enthusiastic about being able to update his or the patient’s
preferences as they evolve over time. However, 1 caregiver
observed that not every caregiver has proxy access to the patient
portal, and 1 clinician worried that asking about preferences for
prognostic communication may exacerbate patients’ anxiety.

Inner Setting

In total 5 (33%) participants addressed the CASI’s compatibility,
which refers to how well the CASI will fit into existing practice
norms, workflows, and systems [22]. Overall, participants
approved of the CASI’s integration into the clinical workflow.
Clinicians especially appreciated having the opportunity to
follow up on needs that may not be addressed during a visit and
the ease with which they could populate their visit notes with
patients’and caregivers’CASI questionnaire responses. Further,
5 (33%) participants discussed the available resources for
implementing the CASI [22]. Each of these 4 clinicians and 1
caregiver were concerned there would not be enough staff or
supportive care services available to address patient- and
caregiver-reported concerns. Furthermore, 3 (20%) participants
addressed the CASI’s relative priority, which refers to the
importance of implementing the CASI relative to other
innovations [22]. Moreover, 1 clinician was concerned about
the amount of information clinicians already review before a
visit. A second clinician noted that, despite the importance of
addressing supportive care needs, patients’medical needs would
likely take priority. Additionally, 3 (20%) participants addressed
tension for change, which refers to the degree to which
stakeholders believe current practices need to change [22]. While
none of these participants shared a negative opinion of current
practice, each acknowledged there is room for improvement in
certain aspects of care. For example, 1 patient described an
experience of suboptimal communication that was distressing
to her, while 1 clinician expressed that it would be helpful to
know a patient’s decision control preferences. Finally, 1 (6.7%)
participant addressed networks and communications, which
refers to the nature and quality of formal and informal
communication within an organization [22]. This clinician
wanted to be sure they would be notified when a patient
completed the CASI.

Innovation Characteristics

A total of 12 (80%) participants addressed the CASI’s design
quality and packaging, which refers to the level of perceived

excellence in how the CASI is bundled and presented [22].
Participants appreciated the clean, simple layout of the CASI.
However, participants made several suggestions related to font
size and screen layout. Further, 12 (80%) participants also
addressed the CASI’s complexity. As noted above, participants
identified items they felt were redundant or overly complex and
made suggestions to clarify user instructions. Furthermore, 5
participants addressed the CASI’s relative advantage, which
refers to the advantage of implementing the CASI versus an
alternative solution [22]. Patients appreciated being able to
report their concerns in addition to their preferences, and
clinicians observed that the CASI addresses topics that are not
captured in our institution’s existing patient-reported symptom
questionnaire. Additionally, 4 (27%) participants addressed the
adaptability of the CASI, which refers to the extent to which
the CASI can be adapted, tailored, or refined to meet user’s
needs [22]. Participants provided suggestions to enhance the
CASI’s adaptability. For example, 2 patients suggested making
follow-up navigation optional. Moreover, 4 (27%) participants
addressed the CASI’s trialability and approved of the iterative
process through which it is being developed and tested.

Individual Characteristics

A total of 11 (73%) participants identified personal attributes
of end users that may influence adoption of the CASI.
Specifically, participants emphasized the need to consider
patients’ and caregivers’ overall literacy, digital literacy,
preferences for face-to-face or digital communication, patients’
time since diagnosis, and caregivers’ caregiving role. Further,
3 (20%) participants expressed knowledge and beliefs about
the CASI content that may influence its adoption. For example,
as noted above, 1 clinician wondered whether items about
prognostic communication would exacerbate patients’ anxiety.
Furthermore, 3 (20%) participants addressed potential challenges
related to patients’ and caregivers’ self-efficacy to complete the
CASI. In addition, 1 clinician suspected that patients who need
supportive care services often lack the self-efficacy to seek
assistance because they are experiencing symptoms of
depression. Besides 1 caregiver did not feel comfortable
responding to questions on the patient’s behalf. Additionally,
2 (13%) participants addressed their individual stage of change
as it pertains to adopting the CASI. These clinicians expressed
that they were unsure of the extent to which they would change
their practice style in response to patients’ or caregivers’ CASI
responses. Finally, 1 (6.7%) participant addressed her
identification with the organization that created the CASI. This
caregiver expressed that while she appreciated being asked
about her supportive care needs, she would turn to her primary
care provider rather than the cancer center for assistance.
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Discussion

Principal Results
The findings of our study suggest that the CASI is a usable and
acceptable intervention to foster person-centered ovarian cancer
care. Participants suggested several revisions that have since
been incorporated into the CASI. Participants identified several
facilitators of implementing the CASI, including that the CASI
meets the needs of patients, caregivers, and clinicians; is
well-designed; and is compatible with the existing workflow.
Additionally, participants indicated that the CASI offers a
relative advantage over usual care and that there is interest
among stakeholders in standardizing the way supportive care
needs are identified and documented.

Participants also identified potential barriers to implementing
the CASI, and the CFIR provided a relevant organizing
framework for these barriers. The most frequently identified
barriers were the complexity of the CASI and the resources
available to address patients’ and caregivers’ supportive care
needs. Our approach to intervention development has
preemptively addressed some of these potential barriers.
According to the Expert Recommendations for Implementing
Change taxonomy [33], intervention complexity can be managed
by eliciting local knowledge, conducting small tests of cyclical
change, and providing ongoing training. Accordingly, we have
prioritized stakeholder engagement throughout the process of
intervention development and have taken an iterative approach
to refining and testing the CASI [17]. Our next planned study
will assess the feasibility of conducting a full-scale efficacy
trial of the CASI in a pilot randomized controlled trial (RCT).
During this trial, we will aim to manage the perceived
complexity of the intervention by training participants to use
the CASI and providing written training materials and resources
in advance.

To address the potential barrier of limited available resources,
the Expert Recommendations for Implementing Change
taxonomy recommends securing additional funding and
developing resource sharing agreements [33]. In our planned
pilot RCT, members of this study’s team will be responsible
for following up with patients and caregivers who report unmet
supportive care needs. We will track the frequency with which
these needs arise and will document the resources (eg, time and
personnel) needed to address them. Upon completion of the
pilot RCT, we hope to have a more robust understanding of the
resources that will be required to implement the CASI. These
findings will inform our funding application for a subsequent
efficacy trial and may eventually inform resource allocations
to support the integration of the CASI into routine care.

Strengths and Limitations
There is a growing recognition of the potential for
EHR-integrated supportive care interventions to improve health
outcomes among patients with advanced cancer. Leaders in
communication research have specifically called for the
development of interventions that integrate into the clinic
workflow and are disseminated through existing mechanisms
[34,35]. The CASI meets this need and was developed according
to stakeholders’ needs and feedback [17]. In the current study,

we conducted usability testing in a linguistically and
socioeconomically diverse sample of patients with advanced
ovarian cancer, caregivers, and clinicians. In addition, our study
design was informed by an established implementation science
framework [22]. Nevertheless, this was a single-site study with
15 participants, and the generalizability of our findings to other
settings may be limited. Additional research is needed to assess
the feasibility of conducting a full-scale efficacy trial of the
CASI, to compare the effect of the CASI on outcomes to that
of usual care, and to assess implementation of the CASI in
diverse real-world settings.

Comparison With Prior Work
To our knowledge, the CASI is the first EHR-integrated
supportive cancer care intervention to use an agenda-setting
approach. Our finding that the CASI is usable by and acceptable
to patients, caregivers, and clinicians is consistent with prior
studies of EHR-integrated supportive care interventions. In a
sample of patients with heterogeneous cancer types and their
caregivers, a biopsychosocial care need screening system had
above-average usability [36]. Similarly, in a sample of patients
with heterogeneous cancer types, a patient-reported symptom
and needs monitoring system was usable and relevant [37]. In
a sample of more than 100 health professionals, a centralized
location for storing patients’ values, goals, and preferences was
viewed positively [38]. Our study adds to these findings by
demonstrating that patients’and caregivers’values, preferences,
and supportive care needs can be assessed and communicated
as part of the same intervention without sacrificing usability or
acceptability.

Widespread implementation of EHR-integrated supportive care
interventions has not yet been realized, and research describing
barriers to and facilitators of implementing these interventions
is limited. However, in an evaluation of patient perspectives
related to implementing a patient-reported symptom and needs
monitoring system, Lyleroehr et al [37] found that low clinician
engagement and suboptimal communication about the
intervention were key barriers to implementation. Similarly,
Wickline et al [39] found that more than half of patients with
advanced ovarian cancer using a remote symptom and quality
of life monitoring system felt it was not obvious their clinician
used the system’s reports. In both studies, patients valued having
the option to speak directly to their care team about their
concerns [37,39]. In our planned pilot RCT, we will attempt to
mitigate these potential barriers by offering patients and
caregivers follow-up phone calls, providing clinicians with a
summary of patients’ and caregivers’ responses ahead of a
scheduled visit, and offering to initiate referrals to reduce
clinician burden.

Conclusions
Agenda-setting is a novel approach to promoting
person-centered care for individuals with ovarian cancer. Our
findings suggest the CASI is usable and acceptable to patients,
caregivers, and clinicians. Guided by an implementation science
framework, we identified several barriers to and facilitators of
implementing the CASI. In subsequent research, we will assess
the feasibility of conducting an efficacy trial comparing the
CASI to usual care.
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Abstract

Background: The introduction of oral anticancer therapies has, at least partially, shifted treatment from clinician-supervised
hospital care to patient-managed home regimens. However, patients with breast cancer receiving oral cyclin-dependent kinase
4/6 inhibitor therapy still require regular hospital visits to monitor side effects. Telemonitoring has the potential to reduce hospital
visits while maintaining quality care.

Objective: This study aims to develop a digital home-based health care center (DHHC) for acquiring electrocardiograms (ECGs),
white blood cell (WBC) counts, side effect photo documentation, and patient-reported quality of life (QoL) data.

Methods: The DHHC was set up using an Apple Watch Series 6 (ECG measurements), a HemoCue WBC DIFF Analyzer
(WBC counts), an iPhone SE (QoL assessments and photo documentation), a TP-Link M7350-4G Wi-Fi router, and a Raspberry
Pi 4 Model B. A custom-built app stored and synchronized remotely collected data with the clinic. The feasibility and acceptance
of the DHHC among patients with breast cancer undergoing cyclin-dependent kinase 4/6 inhibitor therapy were evaluated in a
prospective, single-arm, monocentric study. Patients (n=76) monitored side effects—ECGs, WBC counts, photo documentation,
and QoL—at 3 predefined time points: study inclusion (on-site), day 14 (remote), and day 28 (remote). After the study completion,
patients completed a comprehensive questionnaire on user perception and feasibility. Adherence to scheduled visits, the success
rate of the data transfer, user perception and feasibility, and the clinical relevance of remote measurements were evaluated.

Results: Mean adherence to the planned remote visits was 63% on day 14 and 37% on day 28. ECG measurements were
performed most frequently (day 14: 57/76, 75%; day 28: 31/76, 41%). The primary patient-reported reason for nonadherence
was device malfunction. The expected versus the received data transfer per patient was as follows: ECGs: 3 versus 3.04 (SD 1.9);
WBC counts: 3 versus 2.14 (SD 1.14); QoL questionnaires: 3 versus 2.5 (SD 1.14); and photo documentation: 6 versus 4.4 (SD
3.36). Among patients, 81% (55/68) found ECG measurements easy, 82% (55/67) found photo documentation easy, and 48%
(33/69) found WBC measurements easy. Additionally, 61% (40/66) of patients felt comfortable with self-monitoring and 79%
(54/68) were willing to integrate remote monitoring into their future cancer care. Therapy-induced decreased neutrophil count

was successfully detected (P<.001; mean baseline: 4.3, SD 2.2, ×109/L; on-treatment: 1.8, SD 0.8, ×109/L). All-grade neutropenia
and corrected QT interval prolongations were detected in 80% (55/68) and 2% (1/42) of patients, respectively.

Conclusions: Adherence to scheduled remote visits was moderate, with nonadherence primarily attributed to device-related
complications, which may have also affected the success rate of data transfer. Overall, patients considered remote monitoring
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useful and feasible. The prevalence of reported adverse events was comparable to existing literature, suggesting clinical potential.
This initial feasibility study highlights the potential of the DHHC.

(JMIR Cancer 2025;11:e64083)   doi:10.2196/64083
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breast cancer; digital medicine; telehealth; remote monitoring; cyclin-dependent kinase 4/6 inhibitor; CDK4/6 inhibitor; mobile
phone

Introduction

Systemic therapies, such as chemotherapy, targeted therapies,
or immunotherapy, are accompanied by several side effects that
require continuous and regular monitoring. Monitoring of side
effects is particularly important for treatment approaches
involving oral medications, as these medications are usually
administered at home. Side effect monitoring enables the early
detection and prevention of adverse events and is crucial for
treatment benefits and adherence to the treatment schedule [1].

In recent years, highly effective oral therapeutic options, such
as cyclin-dependent kinase 4 and 6 inhibitors (CDK4/6i), have
been introduced for the treatment of patients with hormone
receptor-positive breast cancer. Even though these CDK4/6is
are administered orally, the associated side effects, such as
neutropenia, leukopenia, and corrected QT interval (QTc)
prolongation, necessitate regular hospital appointments [2-10].
For patients in rural areas, such appointments present unique
challenges. Due to a lack of nearby medical facilities, patients
often have to travel long distances to receive adequate medical
care, which can be physically and emotionally taxing. If these
patients do not receive comprehensive cancer care, including
side effect monitoring, they may experience delayed detection
and treatment of serious adverse events, potentially affecting
their quality of life (QoL), and survival outcomes [11-15].
Remote monitoring and eHealth options may be particularly
valuable in addressing these challenges [16].

Remote, home-based monitoring using eHealth options such as
apps, wearables, or mobile medical devices can allow health
care providers to monitor patients’ health status and potential
side effects in real time. Multiple studies have shown that remote
monitoring of cancer treatment symptoms is linked to improved
QoL, fewer treatment disruptions, and increased survival rates
[13,17-19]. However, most of these studies included only remote
patient-reported outcome assessments. Recently, home- and
sensor-based technologies, including various wearable devices,
have also been shown to be suitable tools for cancer care. For
example, smartwatches and fitness trackers have been used to
promote physical activity and monitor heart rate [20-23].

Even though remote monitoring systems, eHealth apps, and
wearable devices have the potential to improve cancer care,
several challenges still need to be addressed. In particular, while
current smartwatch technologies can monitor heart rate and
record Food and Drug Administration–approved
electrocardiograms (ECGs), and several apps on the market can
be used to document patient-reported outcomes, assess QoL,
and track side effects, using these individual tools alone is not
sufficient to provide comprehensive medical care at home.

Therefore, we aimed to establish a digital home-based health
care center (DHHC) that includes a smartphone to assess QoL
and document visual side effects, a smartwatch to record ECGs,
and a white blood cell (WBC) system to analyze a patient’s
WBCs from capillary blood. The primary focus of this study
was to assess the feasibility and acceptance of such a digital
remote system for cancer care in order to tailor a
patient-centered solution and improve access to quality care.

Methods

Study Design
The SMILER study (“Smart and Interactive Home-Based Health
Care Project—A Digital Healthcare Feasibility Pilot Study
Including the d.H2C2 Initiative”) was a monocentric, single-arm
study with the primary objective of assessing the feasibility of
remote WBC and ECG measurements, as well as data
transmission of remote measurements using a DHHC. The study
was conducted at the Department of Gynecology and Obstetrics
at the University Hospital Erlangen (Universitätsklinikum
Erlangen) in Germany.

Inclusion criteria were an indication for or current treatment
with a CDK4/6i (regardless of cycle number) and an age of 22
years or older (in accordance with the minimum age
requirements for the use of DHHC devices as specified by their
respective manufacturers). Patients could not be included if they
had pacemakers or implantable cardioverter defibrillators, severe
blood coagulation disorders, abnormalities in the last known
ECG, or other comorbidities that might impact at-home
measurements. The study was conducted between October 2021
and December 2022.

CDK4/6i therapy was administered according to the Summary
of Product Characteristics. All patients who had an indication
for CDK4/6i therapy, as determined by the treating physician,
or who were already receiving CDK4/6i therapy, were screened
for the SMILER study. In general, palbociclib was started at
125 mg/day, and if necessary, reduced to 100 or 75 mg/day.
Ribociclib was started at 600 mg/day, and if required, reduced
to 400 mg/day and subsequently to 200 mg/day. Abemaciclib
was initiated at 300 mg/day, with potential dose reductions to
200 and 100 mg/day.

After study inclusion, participants received the DHHC along
with an initial introductory training. Study-relevant
measurements were scheduled at study inclusion (on-site), day
14 (d14—remote), and day 28 (d28—remote; Figure 1A). At
each of these time points, WBC counts, ECGs, and QoL
(Q-5D-3L questionnaire) were monitored. Additionally, photo
documentation of the ankle (as an exploratory subproject for
the capturing of 3D photo data) was included. The ankle was
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chosen as an accessible location for photo acquisition where
peripheral edema, a known side effect of CDK4/6i therapy,
could be detected.

All participants continued their routine treatment and attended
scheduled clinical visits. After the study had been completed,

participants filled out a paper questionnaire on the acceptance,
success rate, and usability of the DHHC. The SMILER study
concluded after the predefined number of patients had been
enrolled.
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Figure 1. SMILER study (“Smart and Interactive Home-Based Health Care Project—A Digital Healthcare Feasibility Pilot Study Including the d.H2C2
Initiative”) design and technology setup. (A) The SMILER study included an initial training session, followed by 2 scheduled at-home tasks on day 14
(d14) and day 28 (d28). (B) Patients received a large case with (C) integrated charging for all devices, (D) specifically designed for at-home use, (E,F)
or a smaller and lighter case with foam material to securely hold all devices. (G) The associated SMILER.one app featured a home screen displaying
the trial tasks, (H) a data archive for storing all collected data, and (I) functionality for collecting and visualizing specific parameters such as WBC
counts. ECG: electrocardiogram; QoL: quality of life; WBC: white blood cell.
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Ethical Considerations
The study was conducted in accordance with local guidelines
and regulations. Ethical approval was obtained from the Ethics
Committee of the Friedrich-Alexander Universität
Erlangen-Nürnberg (April 1, 2020: 47_20B). The original
protocol was amended on March 22, 2022, to also include
patients already receiving CDK4/6i therapy, as previously,
patients could only be enrolled in the SMILER study at the start
of CDK4/6i therapy. This change was implemented to improve
study enrollment. All participants provided written informed
consent before participation. Participants did not receive any
form of compensation. Data were collected in a pseudonymized
manner.

Outcomes
The outcomes of the study were: adherence (primary objective),
success rate of the data transfer, usability and feasibility of the
DHHC, and clinical relevance. Adherence to scheduled study
visits was assessed as the percentage of patients who completed
the prescheduled measurements (±2 d around the scheduled
visit). The success rate was evaluated as the number of remotely
transferred measurements relative to the number of expected
measurements. Feasibility was assessed based on the number
of enrolled versus screened patients. Furthermore,
patient-reported perception and usability were evaluated using
a comprehensive paper-based questionnaire at study completion,
which included Likert-scale questions on perceived usability.
Usability was further assessed using the System Usability Scale
(SUS), with the SUS score calculated as the respective outcome
measure [24]. Clinical relevance was determined by the number
of detected adverse events, specifically neutropenia and QTc
prolongations.

DHHC Hardware
The DHHC consisted of the following components: (1) Apple
Watch Series 6 (Apple Inc., Cupertino, CA, United States) for
ECG measurements, (2) HemoCue WBC DIFF Analyzer
(HemoCue AB, Ängelholm, Sweden) for WBC counts, (3)
iPhone SE (Apple Inc.) for QoL questionnaire completion and
photo documentation, (4) mobile Wi-Fi router TP-Link
M7350-4G (TP-Link Corporation Limited, Düsseldorf,
Germany), and (5) Raspberry Pi 4 Model B (Raspberry Pi,
Cambridge, United Kingdom).

Two cases were designed to enable safe and easy transport and
handling of the devices (Figure 1B-F). Case 01 (Figure 1B-D;
Fa. Karl Lettenbauer, Erlangen, Germany) featured a plastic
base plate to accommodate the HemoCue WBC DIFF Analyzer,
Raspberry Pi, power cable, and socket strip (installed under the
upper mount with a 14412‐02 detachable partition protected
against tampering), along with all device cables. The iPhone,
Apple Watch, and TP-Link were integrated into a raised
platform. Case 02 (Figure 1E-F) consisted of a case from
MyCaseBuilder.eu (FOAM Studio, the Netherlands) with a
custom Pro-Cell interior and Prolife Soft-Cell foam lid. For
both cases, the devices could be charged, and WBC
measurements could be taken without the devices being removed
from the cases.

SMILER.one App and DHHC Software
The custom study app (SMILER.one) was developed by
REFINIO GmbH, based on their REFINIO ONE architecture.
REFINIO GmbH is a German company specializing in custom
software for secure data collection. The software was
programmed in TypeScript on NodeJS and had platform
abstractions for internet browsers and Linux. All ONE instances
of a person formed a federation called the Internet of Me (IoM),
where identities, connections, settings, and content could be
distributed, ensuring that devices only needed to be registered
once.

Data storage in ONE was based on HTML files containing
microdata objects, which were stored in individual files within
the file system or in the IndexedDB of the browser or
WKWebView on mobile devices. The objects were named
according to the hash of their content and referenced through
their name in parent objects. Data transmission in ONE was
facilitated through WebSocket services provided by a
commServer, which established connections between devices.
Data sharing was based on subtree sharing and conflict-free
replicated data types, with encryption occurring at the individual
instance level.

The DHHC integrated several REFINIO ONE software
components, including the Web Server, SMILER.one Mobile,
SMILER.one Pi, SMILER.one Headless, and the SMILER.one
representational state transfer application programming interface
(REST API). The Web Server was installed and configured with
HTTPD software (nginx) to deliver the SMILER.one
Progressive Web App and mobile content. SMILER.one Mobile
managed patient data in a WebView (IndexedDB) on an iPhone
and synchronized it with the clinic’s data (SMILER.one
Headless) and the patients’ IoM instances. It also imported and
synchronized ECG data from the Apple HealthKit on patients’
iPhones. SMILER.one Pi was installed on the Raspberry Pi,
importing WBC data from the HemoCue device. Within the
patients’ IoM, it acted as a headless replication of the patients’
complete dataset. SMILER.one Headless mirrored all settings
and storage operations of SMILER.one Mobile and SMILER.one
Pi while incorporating the SMILER.one REST API, which
provided pseudonymized patient data to the clinic’s SQL server
(Figure S1 in Multimedia Appendix 1).

The SMILER.one app served as a user interface for study
participants. The app featured a registration or login mechanism
with password encryption to ensure restricted private access.
Within the app, the “My Tasks” screen allowed participants to
complete visits (questionnaires, photo documentation, ECG
measurements, and WBC counts) and provided an overview of
upcoming tasks (Figure 1G). In the “Data Archive,” completed
data were stored and could be viewed by the participants (Figure
1H). The “Blood Count Chart” displayed a chart of WBC
readings from the HemoCue device (Figure 1I). Patients also
had the option to enter additional data beyond the scheduled
remote visits under “Voluntary Data Entry.”

Data Management
Data from the DHHC was stored in a dedicated relational
database on an SQL server. The data transfer from the REFINIO
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REST API to the SQL database was facilitated via the JSON
data format. Parsing of the JSON-formatted data and
transformation into a relational tabular format were performed
within the database itself. QTc times were calculated from the
transmitted ECG curves using the Fridericia formula by a
physician (PK). Based on the QTc times and measured
neutrophil concentrations, the severity of QTc prolongations
and neutropenia was graded according to the Common
Terminology Criteria for Adverse Events version 5.0. Clinical
data were collected by trained staff and documented in an
electronic case report form. Data monitoring was conducted
using automated plausibility checks and on-site monitoring.
These data included patient and tumor characteristics, as well
as details on treatment approaches.

Statistical Analysis
Sample size calculations for this feasibility study were based
on the assumption that 70% of ECG measurements and 65% of
WBC counts would be successful (two 1-sided exact binomial
tests with a significance level of ɑ=2.5%). A total of 212 ECG
measurements and 237 blood measurements were required to
demonstrate this with a power of 90%, which corresponded to
80 patients, each with three ECG measurements and three WBC
count measurements.

The majority of the presented statistics are descriptive.
Categorical variables are reported as counts and percentages,
while continuous variables are presented as mean (SD). Missing

values were omitted from analyses. A 2-sided Wilcoxon rank
sum test was used for statistical comparisons, with P≤.05
considered statistically significant. Data are presented as box
plots, displaying the median, IQRs, and whiskers representing
the 5th and 95th percentiles. Statistical analyses were performed
using R (version 4.2.1; The R Foundation) or SPSS Statistics
(version 29.0.1.0; IBM Corp). Likert plots were generated using
the R library “Likert” (version 1.3.5). The distribution of Likert
scale questionnaire scores ranged from 1=I fully agree to 5=I
do not agree at all.

Results

Feasibility

Recruitment
Between October 2021 and December 2022, 136 patients with
breast cancer were screened for eligibility. Of the 132 eligible
patients, 49 patients declined participation. The most common
reasons for nonparticipation were lack of smartphone experience
(n=15) and lack of time to complete study procedures (n=9;
Figure 2). Of the 83 patients who provided informed written
consent, 7 patients withdrew their consent after being introduced
to the DHHC (Figure 2), resulting in 76 patients who
participated in the SMILER study. Of these 76 patients, 73
(96%) completed the questionnaire on acceptance, success rate,
and feasibility of the home-based procedures at study
completion.
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Figure 2. Patient flowchart. This flowchart illustrates the progression of patients throughout the study, including screening, enrollment, and final study
participants. DHHC: digital home health care center.

Patient Characteristics
Participants had a mean age of 58.9 (SD 9.74) years (Table 1).
The majority of participants received CDK4/6i for advanced or
metastatic disease (54/76, 71%). Abemaciclib was administered

to 49% (37/76) of participants, while 39% (30/76) and 12%
(9/76) of participants received ribociclib and palbociclib,
respectively. Additional baseline patient characteristics are listed
in Table 1. Case 01 was assigned to 33% (25/76) of participants,
while Case 02 was provided to 67% (51/76) of participants.
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Table . Baseline characteristics of study participants.

Study participants (n=76)Characteristics

58.9 (9.74)Age (years), mean (SD)

25.7 (4.65)BMIa (kg/m2), mean (SD)

ECOGb indexc, n (%)

68 (91)    0

6 (8)    1

0 (0)    2

1 (1)    3

Gradingd, n (%)

7 (10)    G1

40 (54)    G2

27 (36)    G3

ERe, n (%)

76 (100)    ER+

0 (0)    ER–

PRf, n (%)

62 (82)PR+

14 (18)    PR–

HER2/neu status, n (%)

6 (8)    HER2+

70 (92)    HER2–

CDK4/6h inhibitor, n (%)

37 (49)    Abemaciclib

9 (12)    Palbociclib

30 (39)    Ribociclib

Endocrine therapy combination partner, n (%)

54 (71)    Aromatase inhibitor

16 (21)    Fulvestrant

2 (3)    Other

Metastasis, n (%)

22 (29)    M0

54 (71)    M1

Line of therapy, n (%)

42 (78)    1st line

7 (13)    2nd line

5 (9)    3rd line or higher

Highest degree of educationg, n (%)

0 (0)    No degree

12 (17)    General secondary school

14 (20)    Intermediate secondary school

5 (7)    University of Applied Science entrance certifi-
cate
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Study participants (n=76)Characteristics

4 (5)    University entrance certificate

22 (31)    Vocational training

0 (0)    Bachelor’s degree

14(20)    Master’s degree or higher

SMILER case, n (%)

25 (33)    Case 01

51 (67)    Case 02

aMissing: n=5.
bECOG: Eastern Cooperative Oncology Group.
cMissing: n=1.
dMissing: n=2.
eER: estrogen receptor.
fPR: progesterone receptor.
gMissing: n=5.
hCDK4/6: cyclin-dependent kinase 4 and 6.

Adherence
Study-relevant measurements were scheduled at study inclusion
(introductory on-site training), day 14 (d14—home-based), and
day 28 (d28—home-based). The average adherence was 63%

at d14±2d and 37% at d28-2d (Figure 3). Among individual
remote measurements, ECGs were recorded most frequently
(d14±2d: 57/76, 75%; d28-2d: 31/76, 41%), followed by QoL
questionnaires (d14±2d: 54/76, 71%; d28-2d: 36/76, 47%).

Figure 3. Patients who submitted data during the study. The percentage of patients who submitted data via the digital home-based health care center
is presented for various measurements, including ECG, WBC counts, photo documentation, and QoL questionnaires. The bars indicate the data submission
rates over the study duration, with dark gray sections representing planned study visits (day 14, d14; and day 28, d28) and light gray sections representing
the days around the study visits (d14±2, d28-2). The mean percentage represents the average data submission rate for each study visit. ECG:
electrocardiogram; QoL: quality of life; WBC: white blood cell.

The most common patient-reported reasons for missing
scheduled tasks were device malfunction (ECG or Apple Watch:
11/36, 31%; WBC or HemoCue: 16/43, 37%; photo
documentation: 5/31, 16%), handling issues (ECG or Apple
Watch: 11/36, 31%; WBC or HemoCue: 12/43, 28%; photo
documentation: 2/31, 6%), and time constraints (ECG or Apple
Watch: 10/36, 28%; WBC or HemoCue: 10/43, 23%; photo

documentation: 11/31, 35%; Table 2). Among the
patient-reported reasons listed as “other reasons” for failed
adherence were “measurements were not performed in time,”
“unsure about the handling of the devices,” “no reception,”
“mentally too stressed,” or “sickness.” Among these, “unsure
about the handling of the device” was the most common other
reason for missed WBC measurements (5/13, 38%).
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Table . Patient-reported reasons for not being able to perform scheduled home-based measurements (d14 and d28le)a.

Photo documentation (n=31), n (%)WBCc (n=43), n (%)ECGb (n=36), n (%)

5 (16)16 (37)11 (31)Device would not function

2 (6)12 (28)11 (31)Measurement could not be per-
formed properly

3 (10)N/Ad3 (8)Battery was empty

1 (3)2 (5)N/ASafety concerns

11 (35)10 (23)10 (28)No time

1 (3)N/AN/ANo interest

12 (39)13 (30)15 (42)Other reasons

aPatients could indicate their reason for nonadherence to the questionnaire upon completion of the study. Participants could choose from predefined
reasons, with multiple answers possible. Responses were only requested from study participants who indicated that they were unable to perform all
scheduled measurements. When selecting “other reasons,” patients could provide additional details in a blank text field.
bECG: electrocardiography.
cWBC: white blood cell count.
dN/A: not applicable.

Success Rates
Throughout the 28-day study period, data transfer was expected
from three ECG measurements, three WBC measurements, three
QoL questionnaires, and six photo documentations (each ankle
per time point) per patient. The mean number of successfully
transferred data per patient during the study period was 3.04
(SD 1.9), ECGs was 2.14 (SD 1.1), WBC measurements was
2.5 (SD 1.1), QoL questionnaires and photo documentations
was 4.4 (SD 3.4; Table S1 in Multimedia Appendix 1).

Study participants indicated how many times a measurement
had to be repeated before it was successfully completed in the
end-of-study questionnaire. The highest number of repetitions
was required for WBC measurements, with an average of 1.07
(SD 1.0) additional measurements per patient (Table S1 in
Multimedia Appendix 1).

Identified Problems
Several issues may have affected both study adherence and
success rates. The incidence of any type of DHHC malfunction
(ie, problems with either WBC or ECG measurements) was
24% (18/76) during first use (initial introductory training) and
43% (33/76) during remote measurements (as reported in the
end-of-study questionnaire).

For WBC measurements, handling problems with the HemoCue
microcuvettes requiring repeat WBC measurements were
observed in 8 (out of 76, 10%) patients during on-site training.
Of these, 2 (25%) patients also reported handling issues with
WBC measurements during remote monitoring. Patients who
experienced handling problems during initial training (8/76)
and those who reported handling issues as a reason for
nonadherence to remote monitoring visits (12/76) appeared to
be older than those without handling issues (initial training:
handling issues 59.4, SD 9.6 y vs no handling issues 55.0, SD
10.3 y; P=.30; remote monitoring: handling issues 63.3, SD 7.6
y vs no handling issues 58.1, SD 9.9 y; P=.02).

At initial training, technical problems with the HemoCue WBC
DIFF IEC 61010 system (failure to turn on or instant error
messaging) prevented measurements in 4 (out of 76, 5%)
patients and data transfer from the HemoCue WBC DIFF IEC
61010 system to the SMILER.one app and SQL server in 11
(out of 76, 14%) patients. In two of these cases (2/11, 18%), a
lack of an internet connection was reported.

Defective data transfer occurred more often with Case 02 than
Case 01 (8/11, 73% vs 3/11, 27%) and in two instances, the
same Case 02 DHHC experienced defective data transfer.
However, the case type was not statistically associated with
defective data transfer (P=.80). Among 3 (out of 11, 27%)
DHHCs with defective data transfer during on-site training,
study participants also reported an inability to perform remote
measurements due to device malfunction.

For ECG measurements, defective data transfer was observed
in 3 (out of 76, 4%) individual DHHCs during on-site training,
and 1 (out of 3, 33%) patient also reported subsequent technical
issues with the Apple Watch during remote monitoring.
Additionally, 4% (3/76) of patients reported being unable to
use the SMILER.one app due to a lack of mobile network
coverage.

User Perception of Feasibility
The feasibility of home measurements was assessed at study
completion. While most patients found photo documentation
with the SMILER.one app (55/67, 82%) and ECG measurements
with the Apple Watch (55/68, 81%) easy to use, only 48%
(33/69) of patients found the HemoCue System easy to use.
Good integration into daily life was most commonly reported
for photo documentation (51/64, 80%), followed by ECG (45/67,
67%) and WBC measurements (39/67, 58%). ECG and WBC
measurements were seen as helpful by 49% (33/67) and 45%
(29/65) of patients, respectively, while only 33% (21/63) of
participants found photo documentation helpful (Figure 4).
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Figure 4. User perception of the home-based health care system’s feasibility. The Likert scale illustrates responses from a user perception questionnaire
regarding the Apple Watch ECG, HemoCue WBC measurement, and photo documentation via the SMILER.one app. ECG: electrocardiogram; WBC:
white blood cell.

Acceptance
User acceptance of the SMILER.one app and the perception of
the DHHC and its future use were assessed through the
end-of-study questionnaire. For the SMILER.one app, 70%
(45/64) of participants agreed that the technical features of the
app were well-integrated, 65% (43/66) of participants found the
app easy to use, and 61% (40/66) of participants could imagine
using the app regularly. However, 30% (20/66) of participants
reported that they would need technical support to use the app
(Figure 5A). The corresponding SUS score for the SMILER.one
app was 65.2. Regarding the DHHC, 61% (40/66) of participants
felt comfortable with self-monitoring, and 64% (42/66) of
participants did not consider home-based measurements to be
an additional burden. However, 72% (47/65) of participants

stated that they would like to have consultations with a doctor
in addition to the DHHC measurements (Figure 5B).

When asked about their intention to use, 79% (54/68) of
participants expressed a willingness to use home measurements
as part of their future cancer care. Additionally, 79% (54/68)
of participants were willing to collect data for research purposes
at home using the SMILER.one app. Participants who were
unwilling or reluctant to integrate the DHHC and remote data
collection into future cancer care reported that they would need
help interpreting results (9/17, 53%), were concerned about the
time required for data collection (11/23, 48%), and would
experience difficulties or stress related to the technology
(home-based measurements: 3/17, 18%; collection and sharing
of data with the SMILER.one app: 7/23, 30%; Table S2 in
Multimedia Appendix 1).
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Figure 5. User perception and acceptance of the SMILER.one app and the home-based health care system. (A) The Likert scale illustrates responses
from a user perception and acceptance questionnaire of the SMILER.one app and (B) the complete home-based health care system.

Clinical Relevance
Transferring routine monitoring from the clinical setting to the
at-home environment requires the evaluation of WBC counts
and ECG values. WBC monitoring is necessary for all CDK4/6i
therapies, whereas ECG monitoring, specifically assessing QTc
intervals, is required only for ribociclib treatment.

Compared with patients initiating CDK4/6i therapy, those who
had been on treatment for more than five days had lower

neutrophil counts (mean 4.3, SD 2.2, ×109/L vs mean 1.8, SD

0.8, ×109/L; P<.001; Figure 6A), regardless of the specific
CDK4/6i received (Figure 6B). Mild neutropenia (grade 2) was
present in 27% (45/167) of WBC measurements, while severe
neutropenia (grade 3 or 4) was detected in 20% (34/167) of
WBC measurements (Table S3 in Multimedia Appendix 1). At

the patient level, this corresponded to 32% (22/68) of patients
experiencing mild neutropenia and 31% (21/68) presenting with
severe neutropenia under CDK4/6i therapy, as detected by the
DHHC (Table S4 in Multimedia Appendix 1). Regarding
individual CDK4/6i therapies, grade 3 or 4 neutropenia was
observed in 23% (7/31) of patients receiving abemaciclib, 41%
(11/27) of those on ribociclib, and 30% (3/10) of those on
palbociclib (Figure 6C-D and Table S5 in Multimedia Appendix
1).

QTc time remained stable under CDK4/6i therapy (Figure 6e,f).
Only one measurement indicated QTc prolongation,
corresponding to 2% (1/61) of all quantifiable QTc times from
ECG measurements and 2% (1/42) of all patients (Tables S5
and S6 in Multimedia Appendix 1). The affected patient was
receiving ribociclib (Figure 6g.h and Tables S5 and S6 in
Multimedia Appendix 1).
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Figure 6. Detection of adverse events with the digital home health care center. Neutrophil counts were measured with the HemoCue system. (A)
Neutrophil count before starting CDK4/6i therapy (n=15) and under therapy (>5 days; n=167) of all combined WBC measurements and (B) per CDK4/6i
(baseline: abemaciclib, n=9; ribociclib, n=6; under therapy: abemaciclib, n=80; ribociclib, n=66; palbociclib, n=21). Neutropenia was graded according
to CTCAE version 5.0. Frequency of neutropenia under CDK4/6i therapy as (C) the grade of each individual WBC measurement (abemaciclib, n=80;
ribociclib, n=66; palbociclib, n=21) and (D) the maximal observed grade per patient (abemaciclib, n=31; ribociclib, n=27; palbociclib, n=10). QTc
times were calculated from ECGs measurements with the Apple Watch. (E) QTc time before starting CDK4/6i therapy (n=5) and under therapy (>5
days; n=61) of all combined ECG measurements and (F) per CDK4/6i (baseline: abemaciclib, n=2; ribociclib, n=3; under therapy: abemaciclib, n=33;
ribociclib, n=23; palbociclib n=5). QTc prolongation was graded according to CTCAE version 5.0. Frequency of QTc prolongation under CDK4/6i
therapy as (G) the grade of each individual QTc measurement (abemaciclib, n=33; ribociclib, n=23; palbociclib n=5) and (H) the maximal grade per
patient (abemaciclib, n=21; ribociclib, n=16; palbociclib n=5). ***P≤.001, ****P<.001; Wilcoxon rank sum test. CDK4/6i: cyclin-dependent kinase
4/6 inhibitor; CTCAE: Common Terminology Criteria for Adverse Events; ECG: electrocardiogram; QTc: corrected QT interval; WBC: white blood
cell.

Discussion

Principal Findings
The SMILER study assessed the feasibility and acceptance of
a DHHC system for remote monitoring of side effects in patients
with breast cancer receiving CDK4/6i therapy. Adherence to
remote study visits was moderate and declined over time, with
patients who were unable to perform measurements reporting
time constraints and handling issues with the devices.
Correspondingly, the transfer of remotely collected data was
lower than expected, and patients reported needing to perform
repeat measurements. Self-monitoring of ECGs and side effect

photo documentation was considered easy to use and easily
integrable into daily life, whereas WBC measurements were
generally found to be more challenging. Nevertheless, the
majority of participants felt positive about self-monitoring and
expressed a willingness to incorporate home-based
measurements into their future cancer care. Additionally,
home-based ECG and WBC measurements were effective in
detecting QTc time prolongations and neutropenia,
demonstrating the clinical relevance of the DHHC.

Comparison to Prior Work
Our findings contribute to the emerging field of digital health
and remote monitoring, highlighting the potential of such
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interventions in improving patient care and outcomes. Patients
receiving oral CDK4/6i therapy can take their anticancer
medication at home; however, clinic visits remain necessary to
monitor potential side effects [25-27]. Severe neutropenia (grade
3 or 4) is commonly observed under CDK4/6i therapy
(ribociclib: 57%‐62% of patients in randomized controlled
trials [RCTs] and 15%‐69% of patients in real-world studies
[3,28-33]; abemaciclib: ~20% of patients in RCTs and
2%‐24% in real-world studies [9,31,33,34]; palbociclib:
62%‐70% of patients in RCTs and 60%‐63% in real-world
studies [5,33,35-37]). Home-based WBC measurements by
patients with breast cancer detected severe neutropenia in 41%
of patients on ribociclib, 23% of patients on abemaciclib, and
30% of patients on palbociclib, aligning with real-world data
for abemaciclib and ribociclib. Severe neutropenia under
palbociclib may be underestimated due to the small number of
patients receiving palbociclib in this study population.
Nevertheless, these findings support the clinical relevance of
home-based WBC monitoring with the DHHC.

QTc prolongation is a specific potential side effect of ribociclib
therapy and has been reported in 2%‐5% of patients in the
different RCTs [2-4]. In this study, prolonged QTc times were
detected in one patient, corresponding to 6% (1/76 patients) of
those receiving ribociclib therapy, which is in line with RCT
findings [2-4]. Patients receiving abemaciclib or palbociclib
did not develop QTc prolongations during the SMILER study.

Further research is needed to evaluate the clinical and
psychological effects of home-based monitoring. A recent
randomized trial involving patients with breast cancer receiving
palbociclib therapy found that patients using an eHealth app
(CANKADO PRO-React) experienced a longer time to QoL
deterioration compared with those who did not use the app [19].
This study further highlights the clinical potential of digital
interventions in improving patient outcomes and well-being.
Notably, mobile health apps developed by health care
professionals appear to have the highest overall quality [38],
emphasizing the need to integrate clinical expertise with
innovative digital approaches.

User perception and acceptance of the DHHC were generally
positive. Both the ECG measurements with the Apple Watch
and the photo documentation with the SMILER.one app were
considered easy to use. The integration of the measurements
into daily life was perceived favorably. However, concerns
about result interpretation, time-consuming data collection, and
technological difficulties were reported as barriers to
engagement. The SUS score also indicated moderate usability.
These findings emphasize the importance of providing adequate
support and guidance to patients in using and interpreting the
collected data. Additionally, the preference for consultations
with health care professionals highlights the need to integrate
home-based monitoring with clinical care and medical expertise.
For future developments, integrating a communication tool into
the provided app could be a suitable solution. Implementing a
direct, automated digital feedback system based on home-based
measurements could offer patients a more immediate and
informed understanding of their health status, potentially
reducing the need for frequent consultations with doctors.
Interestingly, both using medical apps for medical questions

and consulting Google appear to result in comparable adverse
emotional and behavioral effects associated with cyberchondria
[39].

Virtual and remote trials often have high dropout rates or low
adherence to visits [40-42]. In the SMILER trial, adherence
rates varied across different measurements, with the highest
adherence for QoL questionnaires and lower adherence for WBC
and ECG measurements. Additionally, adherence to the
scheduled remote visits gradually declined over the course of
the study, with 63% on d14±2d and 37% on d28-d2. Notably,
several patients performed home-based measurements before
or after the scheduled visits. Some patients also reported being
unable to complete the final measurement due to the automatic
deactivation of the SMILER.one app at the end of the study
(day 28), suggesting that adherence rates may be underestimated.

The most common reason for missed scheduled measurements
was device malfunction, with both technical and handling issues
reported. Notably, the incidence of any type of malfunction
during the first on-site introductory training was 24% (18/76
participants), and patients reported problems with 43% (33/76)
of the DHHCs during remote monitoring. Not all patients with
partially malfunctioning DHHC devices at the introductory
training reported subsequent issues during remote monitoring,
which may indicate that these devices were functional again
during remote measurements or that the patient-reported failure
rate was incomplete. Technical problems with the HemoCue
device and the lack of an internet connection may partly explain
DHHC malfunctions. Although the underlying cause of defective
data transfer could not be definitively determined, server issues
and complications with the Raspberry Pi software may have
contributed. It is possible that unplugging the DHHC between
remote measurements affected the Raspberry Pi and its software,
which facilitates data transfer from the HemoCue device to the
SMILER.one app. While there was no clear correlation between
case design and the reported issues, data transfer problems
occurred at varying rates across the different cases.

Handling problems with the HemoCue microcuvettes, such as
an incomplete filling or air bubbles in the sample, was observed
in approximately 10% (8/76) of patients during their first on-site
WBC measurement. This is comparable to findings from another
study that evaluated the feasibility of WBC self-testing with
the HemoCue system in patients with cancer [43]. Additionally,
handling issues during WBC measurements were associated
with older age, highlighting the need for either a more intensive
training session or remote assistance from a trained nurse,
particularly for older patients. In general, tailoring support to
specific patient needs may be essential to ensure successful
implementation alongside a robust and reliable technological
infrastructure.

Recruitment and patient characteristics also play a crucial role
in the success of a study. In the SMILER study, only 76 out of
the 136 screened women ultimately participated. Reasons for
nonparticipation included lack of smartphone experience, time
constraints, and concerns about performing WBC count
independently. This underscores the importance of
understanding the target population and their readiness to engage
with digital health interventions. It is crucial to design digital
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interventions in a way that ensures a lack of digital literacy does
not contribute to health inequality [44,45].

Strengths
This study demonstrates several strengths in the implementation
and evaluation of a DHHC system for patients receiving
CDK4/6i therapy. First, it confirms the clinical relevance of
remote monitoring by detecting known side effects, such as
neutropenia and QTc prolongations, consistent with the
established side effect profiles of these therapies. Although not
designed to detect differences in the incidence of neutropenia
or ECG changes between CDK4/6i, commonly known
differences were observed [46]. Patients treated with ribociclib
and palbociclib experienced neutropenia more frequently than
those treated with abemaciclib. The only patient who had a QTc
prolongation was receiving ribociclib.

Second, the study successfully integrated multiple technologies,
including WBC measurement systems, smartwatches, and
smartphones, into a comprehensive system tailored to the
patient’s needs. The high level of patient acceptance, with 79%
(54/68) of participants expressing a willingness to use such
systems in their future care, highlights the feasibility of this
patient-centered approach. Moreover, the developed DHHC
system and study findings underscore the potential of remote
monitoring to reduce disparities in cancer care, particularly for
patients in rural areas.

Limitations
This study has several limitations. First, the small sample size,
specific patient population, and potential selection bias due to
nonparticipation may limit the generalizability of the results.
Second, adherence rates were suboptimal, and technical issues
were encountered, highlighting challenges in implementing and
maintaining home-based health care systems. Further

optimization of the remote monitoring system is needed to
improve usability. Additionally, a detailed analysis of the
reliability of the DHHC could not be performed due to
insufficient data. Third, self-reporting bias may have influenced
the reported perceptions and experiences of the participants.
Fourth, the short study duration limits our understanding of the
long-term feasibility and acceptance of remote monitoring
interventions. Fifth, the study lacked a control arm with patients
receiving traditional nursing care, making direct comparisons
with standard care models difficult. Sixth, as this was a pilot
study, we did not predefine specific thresholds for the evaluated
outcomes, such as adherence, usability, and feasibility, which
limits our ability to determine whether the observed rates met
predefined success criteria. Finally, this study did not include
an analysis of the economic feasibility of the DHHC.

Future Directions
Based on the outcomes of this first feasibility study, several
areas for improvement were identified. The technical issues
encountered may be related to the DHHC devices, internet
connection, server, Raspberry Pi software, and other factors
that need to be addressed. Furthermore, longer-term randomized
controlled studies are needed to better assess patient compliance,
system reliability, and economic impact.

Conclusions
The findings of this study demonstrate that implementing remote
monitoring of side effects in the care of patients with breast
cancer undergoing CDK4/6i therapy is feasible. Patients with
breast cancer generally accepted the idea of remote monitoring,
which successfully identified clinically relevant side effects.
Future studies with an improved system are required to further
evaluate the potential clinical, socioeconomic, and individual
benefits of this approach.
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Abstract

Background: Brain tumors are characterized by the high burden of disease that profoundly impacts the quality of life in patients
and their families. Digital health tools hold tremendous potential to enhance supportive care and quality of life for patients with
brain tumors and their caregivers.

Objective: This study aims to generate ideas and concepts, through a co-design paradigm, to inform the development of a digital
health tool to address the unmet needs of people affected by brain tumors.

Methods: Patients with brain tumors, caregivers, and health professionals from 2 large public tertiary hospitals in Victoria,
Australia, were invited to complete a qualitative interview discussing their unmet needs of care. Overall, 35 qualitative interviews
focusing on unmet needs and concepts for a digital health tool were conducted with 13 patients, 11 caregivers, and 11 health
professionals. Interviews were audio recorded and transcribed, and a 5-step framework analysis approach was used to analyze
data.

Results: Four themes of unmet supportive care needs emerged: (1) emotional and psychological, (2) information, (3) physical
and practical, and (4) social connectedness. Participants expressed the desire for early and proactive mental health intervention,
noted the importance of providing mental health support to caregivers, and emphasized the need for positive stories and affirmative
language. From an information perspective, participants noted a sense of information overload, especially at the beginning. They
also underscored the variety of information needed on an ongoing basis, including life after treatment, and comprehensive care
assistance to maintain quality of life. Participants also described unmet supportive care needs relating to symptom burden, and
practical and administrative support to facilitate the logistics of accessing treatment and accomplishing daily life tasks. Finally,
they expressed the desire for greater social connectedness and safe spaces to engage with other people in a similar situation. Our
findings are consistent with previous research on this subject and were integrated into the development of a web-based platform.

Conclusions: Participants’ perspectives informed the development of content for a web-based digital health platform called
“Brain Tumours Online.” The platform comprises three pillars—(1) “LEARN”: a repository of vetted information about a range
of biomedical and psychosocial care topics; (2) “CONNECT”: a digital peer support community with a health care professional
interface; and (3) “TOOLBOX”: an emerging library of validated digital therapeutics for symptom management.
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Introduction

Despite comprising only 1.2% of all cancers in Australia, the
impact of brain tumors on the quality of life is profound [1-3].
Patients with brain tumors experience persistent, distressing,
and disabling physical, psychosocial, cognitive, and financial
challenges. These challenges are compounded by barriers to
connecting and communicating with their treating team,
establishing peer support networks, managing their symptoms,
and accessing personalized supportive care [4-8]. These issues
are exacerbated when patients reside distant from metropolitan,
specialist treatment centers [9] without equitable access to
comprehensive supportive care services.

Digital health tools hold tremendous potential to revolutionize
support that enhances the quality of life for patients with brain
tumors and their caregivers within convenient time frames and
comfortable environments. Notably, they have the ability to
address inadequate cancer services access by overcoming
geographical, physical, and psychological barriers, and
facilitating treatment access, support, and education [10]. When
compared to usual care, health care augmented with digital
health interventions has been shown to improve symptom
management, reduce distress, decrease unplanned
hospitalizations and associated care–related costs, and improve
survival and quality of life [11]. While a number of digital
supportive care tools for patients with brain tumors have been
described [12], there are currently none tailored to the Australian
context. In addition, existing tools are limited by a lack of
evidence of their effectiveness and impact, development and
implementation, and little consumer engagement in their
development [7]. Building on our prior research on the quality
of life of patients with brain tumors [2,3,13], their patterns of
social media use for disease management [8], and needs and
expectations from a digital health model of care [7], we engaged
with Australian patients with brain tumors, their caregivers, and
treating health professionals to co-design a digital health solution
to address the unmet supportive care needs of this population.
The aim of this study was to generate ideas and concepts to
inform the development of a digital health tool to support the
needs of Australian patients with brain tumors, their caregivers,
and treating health professionals.

Methods

Co-Design Approach
Co-designing with patients and end users is widely recognized
as critical to the design and development of digital health
interventions and is used extensively across a range of physical
and mental health conditions [14]. According to Sanders and
Stappers [15], co-design may be conducted at various stages of
a project life cycle, for example, (1) predesign (to understand

lived experiences), (2) generative (to produce ideas), (3)
evaluative (to summatively assess solutions), and (4) postdesign
(to assess users’ experience of the solution). We adopted a
multimodal co-design approach, which included one-on-one
interviews, focus groups, workshops, a fortnightly forum called
a Design Reference Group, an end-of-life working group to
inform design decisions for palliative care resources, and
preliminary usability testing of a high-fidelity prototype. This
paper reports the findings of one-on-one interviews conducted
with patients, informal caregivers, and health care professionals
in the project’s “generative” phase. The other co-design
activities will be addressed in subsequent research papers and
are not included within the scope of this paper.

Participants and Recruitment Procedure
Three participant cohorts were recruited for this interview study:
(1) adult patients (aged over 18 years) with a primary brain
tumor, (2) current and bereaved caregivers of adults with a
primary brain tumor, and (3) multidisciplinary health care
professionals involved in the care of people affected by brain
tumors. We excluded patients with secondary brain tumors from
systemic cancer and their caregivers. Neurosurgeons were
integral to the predesign phase and research team; thus, the
generative phase focused on recruiting a variety of other health
care professionals, including nursing and allied health staff.

Purposive sampling was used to identify participants with a
wide variety of experiences in relation to aspects such as time
since diagnosis, age, sex, postcode, tumor types, and types of
treatment received. Researchers AB and VS maintained a
spreadsheet of participants with the aforementioned salient
information and sought to proactively seek out participants from
a wide breadth of lived experience.

Participants were recruited from 2 major metropolitan hospitals
in the State of Victoria (Australia). Patients were also asked to
nominate a caregiver to take part in the study. Bereaved
caregivers were also nominated by brain tumor advocacy
organizations and consented by a study researcher. Health
professional participants (including medical and radiation
oncologists, clinical care coordinators, palliative care physicians,
neuro-oncology nurses, and other allied health professionals)
were identified through research team networks and invited via
email.

Data Collection
The interviews were conducted over a period of 6 months, from
October 2021 to March 2022. All consenting participants
completed 1 audio-recorded semistructured telephone interview
of 20‐60 minutes with a research assistant. Verbal consent
was reconfirmed and recorded prior to the commencement of
the interview, along with basic demographic information.
Semistructured interview guides were developed for each
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participant cohort (Multimedia Appendices 1-3). Patient and
caregiver interviews sought to elicit their lived experiences from
diagnosis, their unmet supportive care needs, and their desires
and preferences for digital solutions to address identified unmet
needs. Health care professional interviews explored their
perception of patient and caregiver needs, their experience with
the provision of digital-based health care, and their perceptions
of the need and preferences for digital health solutions to support
patients with brain tumors and their caregivers.

Data Analysis
The audio recordings from each interview were transcribed
verbatim, and the transcripts were inputted into QSR
International’s NVivo (version 12.6) for Mac software for
coding and qualitative data management. All transcripts were
quality-checked and deidentified for analysis by author AB.
Data were analyzed using a 5-step framework analysis method
[16], as follows:

• Familiarization: Researchers AB and VS read all the
interview transcripts to familiarize themselves with the data.

• Identifying a framework: Fitch’s 2008 Cancer Supportive
Care Framework [17] was used to develop an a priori
thematic framework to guide early data analysis. This is an
evidence-informed framework that directly relates to the
focus of the study to explore and describe unmet supportive
care needs as experienced by people affected by brain
tumors and their caregivers. The framework articulates 7
domains of supportive care needs: physical, informational,
emotional, psychological, social, spiritual, and practical.

• Indexing: The thematic framework was applied to the data.
Three researchers (AB, VS, and M Kalla) first indexed an
initial set of 10 interview transcripts using Fitch’s 7
supportive care categories. After this initial application,
overlaps were found across the 7 domains, and the analytical
framework was revised into 4 thematic categories for this
study: emotional and psychological, information, physical
and practical, and social connectedness needs. Subsequently,
researchers AB and VS indexed all the interview transcripts
independently, meeting regularly to ensure consensus
around the final relevant themes and subthemes.

• Charting: The indexed data were organized into a
manageable chart format to enable within- and cross-case
analyses. NVivo’s “Organise” function retrieved charted
summaries of the indexed data for each thematic category
and individual participant transcripts [18].

• Mapping and interpretation: Finally, mapping and
interpretation of the data were conducted through the lens
of the 3 pillars of the digital health tool proposed in the
original funding proposal, that is, Learn, Connect, and
Toolbox. Researchers AB, VS, and M Kalla synthesized
the findings into summary presentations, describing how
unmet supportive care needs could be addressed through
one or more pillars.

Research Rigor
Our research team was comprised of a multidisciplinary team
of academics, health service researchers, clinicians, technology
developers, and lived experience experts. The multidisciplinary
perspectives afforded by our team members strengthened the

conceptualization, analysis, synthesis, and dissemination of our
research findings. The majority of the interviews were conducted
by the second author (AB), who has experience conducting
health services research with patients with cancer and their
caregivers using qualitative methods, having worked in a
nationally reputed cancer treatment center. A small subset of
interviews was also conducted by the first author (M Kalla),
who is a digital health and qualitative research expert, and the
third author (VS), who has experience as a nursing clinician
and qualitative health researcher. This study was overseen by
the last author (M Krishnasamy), who is a professor of nursing
and qualitative research expert. The overall project was led by
author KJD, who is the head of neurosurgery at a major
metropolitan hospital in Australia.

To ensure credibility in the analysis of the research findings, 2
researchers (AB and VS) independently analyzed the interview
transcripts to generate initial codes. Subsequently, a working
group involving authors AB, VS, M Kalla, SCEB, and M
Krishnasamy met at fortnightly intervals during the entire data
collection and analysis process to compare, refine, synthesize,
and establish the final themes. Interviews were conducted until
data saturation was reached, and no new topics were discovered,
resulting in a total of 35 interviews (13 patients, 11 caregivers,
and 11 health care professionals), which is within the suggested
range of 9‐17 interviews in qualitative research [19]. Member
checking was not conducted with participants to respect the
limited available time of patients with brain tumors and
caregivers to participate in a research project. Instead, we
sense-checked the themes with a lived experience expert (a
bereaved caregiver) who was part of our project’s steering
group. Finally, the findings were presented to the broader
research team, including health care professionals and consumer
advocates.

Ethical Considerations
The study was approved by the Royal Melbourne Hospital’s
Human Research Ethics Committee (HREC/77238/MH-2021).
The ethics committee is accredited with Australia’s National
Health and Medical Research Council and is operated in
accordance with the National Statement on Ethical Conduct in
Human Research. The data presented in this paper are the
primary data that were collected as part of this ethical approval.
Potential participants were emailed an information and consent
form to read and sign to agree to be interviewed. To ensure
privacy and confidentiality, all study data were deidentified
prior to analysis. Author AB reviewed all interview transcripts
in their entirety to ensure that they had been fully deidentified
prior to the commencement of analysis. Identifiable participant
information was securely stored with password protection and
accessible only to researchers authorized under the ethical
approval.

Interviews were conducted over the telephone, with costs for
the phone calls borne by the research team. Participants were
not required to travel, and the interviews were conducted at a
time suitable for them. Therefore, participants did not face any
financial burden from participating in the study. Thus,
reimbursement was not provided for their voluntary
participation. The aforementioned arrangements for participant
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involvement were approved by the ethics committee, as
articulated in the research study protocol submitted at the time
of application. As part of the ethics approval, our team was also
required to submit annual progress reports and a final report,
as well as notify the committee of any adverse events. These
reports were provided to the committee in a timely manner.
There were no adverse events reported from the conduct of this
research.

Results

Overview
A total of 35 participants (13 patients, 11 caregivers, and 11
health care professionals) were recruited (Table 1).

The emergent themes and their subthemes are presented in
Figure 1. Detailed and illustrative quotes from each of the 4
support needs domains—emotional and psychological,
information, physical and practical, and social
connectedness—are presented. All data fit within these themes
on completion of the iterative process.

Table . Overview of participant demographics (N=35).

Health professionals (n=11)Caregivers (n=11)Patients (n=13)Demographic

47.1 (40‐60)55 (32‐86)42.1 (22‐67)Age (years), mean (range)

Sex, n (%)

3 (27)2 (18)5 (39)Male

8 (73)9 (82)8 (62)Female

Location, n (%)

8 (73)4 (36)9 (69)Metropolitan

3 (27)4 (36)4 (31)Regional or remote

0 (0)3 (27)0 (0)Unanswered

Tumor type, n (%)

N/AN/Aa5 (39)Low-grade glioma

N/AN/A5 (39)High-grade glioma

N/AN/A3 (23)Rare brain cancer

Relationship to the patient, n (%)

N/A6 (55)N/ASpouse

N/A4 (36)N/AParent

N/A1 (9)N/AChild

Caregiver status, n (%)

N/A9 (82)N/ACurrent

N/A2 (18)N/ABereaved

Role, n (%)

3 (27)N/AN/ANeuro-oncology nurse

2 (18)N/AN/AClinical care coordinator

2 (18)N/AN/AMedical oncologist

1 (9)N/AN/ANeuropsychologist

1 (9)N/AN/APalliative care physician

1 (9)N/AN/AExercise physiologist

1 (9)N/AN/ARadiation oncologist

aN/A: not available.
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Figure 1. Overview of emergent themes and subthemes.

Theme 1: Emotional and Psychological Support Needs
Within the theme of patient and caregiver emotional and
psychological support needs, 3 subthemes highlighted the need
for early and proactive psychological intervention, the
importance of emotional support for caregivers, and the desire
for positive stories and affirmative language.

Early and Proactive Intervention
Participants reported delayed help-seeking for mental health
assistance due to a lack of awareness of relevant services and
the benefits of intervention. They described frequent reliance
on informal mental health support from family and friends, or
those with similar experience. Some participants delayed
addressing mental health needs until after treatment. Almost all
participants wished they had been encouraged by their treating
team to access mental health services or provided with links to
resources and tools at diagnosis.

I didn’t start seeing a psychologist until after
treatment which isn’t good...I wish someone kind of
forced me to see one, not forced...like just did a
referral for me to see one...I did like a year of
treatment and...you’re trusting your family [but]
there’s only so much they can really do...Before
treatment would have been good...Once I was
diagnosed, I wish I had saw [sic] someone. [Patient
3, female, 22 years]

Health care professionals reported varied levels of proactiveness
for mental health service referrals. Lack of referral was often
driven by insufficient clarity regarding the best service or
intervention for their patient’s specific needs. Often, health care

professionals deferred to brain tumor advocacy organization
services and web-based resources.

I have...people saying...I’m quite distressed...and then
me...going through this list...so we’ve done the
referral to Cancer Council, you’re on a wait list for
a counselling session...What exactly is the issue, can
it be worked through with a counsellor, is it more
affecting...do we need psychology support, or do we
need some...medication intervention...do I need
psychiatry...I think just having that information a bit
more available. [Health care professional 10,
neuro-oncology nurse consultant, female, 39 years]

Support for Caregivers
Participants highlighted the importance of mental health support
for caregivers, with mental health discussions often focused on
the patient and inadequate recognition of caregivers’ needs.

I think as carers you don’t recognise...oh actually
your life is going to be significantly impacted in the
future and...right here and now you actually need to
look after yourself as much as you can, to be the best
carer that you can [be]. [Caregiver 2, female, 37
years]

I was offered counselling...I reckon it should be
available to both parties...I feel that my partner...she
was going through more than me. [Patient 6, male,
31 years]
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Desire for Positive Stories and Affirmative Language
Participants expressed the need for information and lived
experience stories, framed positively and fostering a sense of
hope. Some participants actively sought people with brain
tumors on social media who were living fulfilling lives, as it
gave them hope for their own future.

Just to really emphasise that your life isn’t over, and
you can still have a normal life after it...I found
there’s a few people on Instagram that had been
diagnosed with it and they’re still out there...really
doing well. [Caregiver 4, female, 32 years]

Affirmative explanations of complex medical treatments and
procedures were useful in creating a greater understanding of
the treatment plan and reducing fear.

A lot of people are actually frightened...having brain
surgery whilst you’re awake, is such a morbid type
of experience, where I found it exactly the
opposite...It’s hard to describe the experience that I
went through, but being able to listen to what’s going
on whilst it’s happening...oh we’re removing some of
the tumour now, having all that conversation...I found
that [I was] more in control...more knowledge, more
knowing...everything that was going on. [Patient 7,
male, 50 years]

Theme 2: Information Support Needs
Participants described significant initial information needed to
process their diagnosis and ongoing information needed to
manage the physical, social, and psychological impacts of a
brain tumor on their lives and that of their families.

Information Needs to Process the Initial Diagnosis
Information requirements were greatest at diagnosis and reported
a sense of overwhelm with “information overload.” Patients
and caregivers reported difficulty understanding the information
presented by their health care professionals and expressed a
strong need for tailored, personalized information, appropriate
for the type and location of tumor and patient age and sex.
Similarly, health care professionals recognized that
deconstructing medical jargon while providing the appropriate
breadth of information is crucial to support patients and their
caregivers in decision-making around treatment options.

I think you’ve got to find a balance between not
overloading people with information but giving them
access to resources and that’s never easy. [Health
care professional 8, medical oncologist, male, 55
years]

At diagnosis, patients and caregivers described turning to
internet searches to learn more about the tumor, treatment
options (including clinical trials and integrative therapies), life
expectancy, and survival statistics. Many participants reported
that in these early stages, they struggled to discern credible
information and found “Dr Google” overwhelming.

I still wanted to know...as much information as I could
about...my diagnosis...but I needed accurate
information and that’s where I say the internet didn’t

really supply me that accurate information about my
particular case. [Patient 7, male, 50 years]

Information Needs for Ongoing Management
Patients and their caregivers described an ongoing need for
information about life after treatment, the impacts of the illness
and its treatment, and assistance to maintain quality of life.

Help processing what the treatment plan looks
like...and knowing where to go for help and answering
questions. Not only about diagnosis but also about
treatment once they’re discharged...The discharge
happens pretty quickly from surgery, usually...six to
nine days or sometimes sooner. [Health care
professional 5, cancer care coordinator, female, 51
years]

Additionally, patients and caregivers expressed the need for
on-demand information in a consolidated space and the ability
to learn from experts from the comfort of their homes.

Video would be good...hearing from experts and
doctors about things would be really helpful...And
maybe even a Q&A session where you can ask
questions, and they can answer...interactively.
[Caregiver 7, female, 60 years]

Theme 3: Physical and Practical Support Needs
Participants described unmet supportive care needs relating to
symptom burden, practical and administrative support to
facilitate the logistics of accessing treatment, and accomplishing
daily life tasks.

Addressing Symptom Burden
Participants described a variety of symptoms associated with
the brain tumor or its treatment, which significantly impacted
patient quality of life and caregiver burden. Participants
expressed a strong desire for access to resources and
interventions to support symptom management, including sleep
disturbance, fatigue, cognitive dysfunction, poor concentration,
imbalance, and incoordination. Participants indicated that
symptoms were clustered, for example, an interaction of sleep
disturbance and fatigue.

If there was something to help with sleep, I would
definitely jump...that would be one of the biggest
things...I basically always went to the GP about...I
would go to say I can’t sleep, I just get...rundown...I
can’t sleep, I can’t sleep, I’m tired... [Patient 1, male,
53 years]

Seizures were considered particularly burdensome and
“frightening” with management options often not well
understood by patients or caregivers.

Managing seizures and what to do in, in the event of
a seizure...I mean not everyone needs to come to
hospital if they have a seizure, it depends on...what
type...Partial seizures...you can pretty much manage
at home. And then...talk to someone the next day or
go through the GP...there’s certain steps that you
could take. I think that would be a really good [pause]
thing to put in...if you’re uploading information [on
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the platform]. [Health care professional 5, cancer care
coordinator, female, 51 years]

We asked about the role of self-monitoring by patients for
symptom management, with participants presenting mixed
responses. Some health care professionals, particularly in allied
health and palliative care contexts, used symptom monitoring
to support patients. Nevertheless, participants agreed that
symptom monitoring regimes, whether digital or paper-based,
would need to be considered contextually within broader clinical
workflows to be useful or effective.

I guess the key thing would be somebody taking
responsibility for that and...following up where
concerning symptoms have been presented...I don’t
know that just collecting symptoms for the sake of
collecting symptoms is going to be particularly useful.
You’ve got to have somebody who’s going to be
reviewing that information and...acting upon it.
[Health care professional 9, radiation oncologist,
female, 51 years]

Practical and Administrative Support and Resources
Participants expressed the need for support and resources to
manage practical, logistical, or administrative challenges.
Information to navigate transport, permission to continue or
return to driving, government welfare and advocacy agency
support, and accommodation during treatment and management
of insurance were commonly difficult to obtain.

The thing that really frustrated me is every time I’d
try and talk to someone about...things like financial
information...life insurance...income protection...just
to try and get some information and help with trying
to sort through...how I can access [it]. [Patient 1,
male, 53 years]

Participants also emphasized the particular need for practical,
logistical, and administrative support for patients and caregivers
in rural or regional areas.

We need to keep in mind the...regional family as well
because...there are types of cancer that can’t be
treated in...regional areas. They need to be treated
at a specialist centre. So...demands placed on that
around travel...the financial impacts of that...paying
for accommodation, parking, travel all those sorts of
things. There are subsidies and things that people
can get access to but that does have impacts that are
ongoing...taking time off work...all those sorts of
things are quite huge. [Health care professional 1,
exercise physiologist, male, 42 years]

When asked about telehealth, all patients and caregivers reported
having used telehealth and found it time-saving and convenient.
However, for important appointments, a face-to-face
conversation was preferred.

Theme 4: Social Connectedness Support Needs
Patients and caregivers expressed the need for social
connectedness and suggested these may be met by a digital
platform. Four subthemes emerged: the importance of
connecting with others for shared experiences, the significance

of peer support for caregivers, challenges and lessons learned
from face-to-face peer support programs, and considerations
for creating safe and beneficial digital peer support communities.

Connecting With Others for Shared Experiences
Participants noted that a brain tumor can be alienating, with
feelings of isolation further compounded for those in rural or
regional areas. Thus, opportunities to connect with others with
similar experiences can offer solace.

When you find someone who you can relate to and
they’ve got a level head, it just puts your mind at ease.
[Patient 6, male, 32 years]

Participants noted that in addition to helping cope with stressors,
peer support could also normalize living with this illness.

This is the absence that we have in brain cancers and
tumours...you can see the hard, the scary facts, but...it
is really to understand what next, who else is out there
like me, who else is young and also about to get
married, or just about to have a baby, or just got the
promotion at work or...I feel like there’s a lot of
people that sit in this category. [Caregiver 2, female,
37 years]

Peer Support for Caregivers
Participants also highlighted the need for social connectedness
and peer support for caregivers and noted that digital solutions
could offer a helpful on-demand avenue for busy caregivers.

Online [peer support] is actually like a great entry
point...You’re so consumed by...needing to do
everything for that person...I can’t remember how
many times I would’ve been awake at 2 am in the
morning or something because my brain was racing,
and being able to may be connect with somebody
or...something like that, not necessarily to chat right
there in that moment. [Caregiver 2, female, 37 years]

Participants also emphasized the importance of peer support
for caregivers in all situations, including those currently
undertaking caring duties, as well as bereaved caregivers. Some
participants had found established grief support groups, but not
for current caregivers, while other participants reported a lack
of formalized support structures for bereaved caregivers.

Our focus is on the patient and of course we support
the partner while they’re coming to the centre. But
once that patient’s passed away our involvement sort
of ends, and I think these partners are left...often
they’re very fatigued because I think [for] the carers
of these types of patients...the carer burden is huge.
[Health care professional 4, nurse, female, 46 years]

Challenges of Face-to-Face Peer Support
Participants expressed that despite their desire for social
connection with others with similar experiences, they had either
not been able to find an in-person support group that was the
right fit for them, or they had found the support networks
unhelpful or not relatable with members of varying experiences,
ages, sexes, or life stages. Additionally, in-person support groups
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could be confronting, and digital peer support was considered
a helpful alternative.

She didn’t want to go to a room and sit in a chair
around in a circle and tell her story...Some of those
support groups can be a bit too full on. So that’s why
something that isn’t quite as full on like an app or
online story or...live chat, something...you can
still...perhaps talk to someone, so you’re...not in a
room full of strangers...But something in between they
can just have on their smart phone or computer and
just send off an enquiry and if that’s all you need at
the time, then that’s fine. [Caregiver 1, male, 37 years]

Health care professionals with experience in running in-person
support groups also highlighted the logistical challenges of
facilitating face-to-face groups. They reported high attrition
rates, emphasized the need for distress protocols in the event
that a participant is emotionally affected, and noted the
complexities of running in-person support groups involving
people with varying prognoses.

If you’re meeting in person you’ve got to have
reasonable leaders...Normally the social worker
would do it with me...because if someone gets upset,
you’ve got to have enough people to take them out
and talk to them separately as well...I think the
support groups do help but...you have to be careful,
and you can’t mix the low grade with the high grade.
That’s another problem because...the high grade have
very immediate needs. [Health care professional 7,
care coordinator, female, 72 years]

Considerations for Digital Peer Support
Challenges to create a safe, relatable, and where possible,
customizable web-based peer support platform were recognized
as important considerations. Participants commented on the
importance of regulation and moderation in digital peer
communities. They expressed concerns over harsh language,
individuals with domineering personalities and negative
responses, or harmful opinions being promoted within an already
vulnerable group.

You have different...personalities, and I’d be worried
if you did an online group that some people might be
afraid to speak up because there could be other
people that are quite boisterous. [Caregiver 3, female,
49 years]

Participants emphasized the need for control over the visibility
of information and the social media posts of others. They
reported that social media news feeds can be jarring and
compound emotional distress.

My sister joined this Facebook group for...brain
tumour and she...added me along. I’ve sort of been a
little bit up and down about that...because it just
comes up on my news feed and then you know
some...things that I read...is okay, but then...some
things that I read that aren’t so great, I sort of tune
off a little bit you know. [Patient 9, female, 38 years]

Similar to in-person peer support groups, digital peer
communities need to consider the implications of varying
prognoses due to different tumor types. When asked about
different digital peer support formats, such as a “buddy”
program, participants expressed concerns that those who bond
with other unwell individuals may open themselves to grief if
their “online buddy” dies or becomes too unwell to participate.

What happens when something happens to my buddy,
you know, like, what does that gonna traumatize?
[sic]...I don’t know. [Patient 12, female, 39 years]

Integration of Emergent Findings Into the Platform
The participants’ insights were used to inform the development
of content for our web-based platform now called “Brain
Tumours Online.” The Brain Tumours Online platform features
three key elements or “pillars”: (1) a repository of vetted,
evidence-based information about a myriad of health, social
care, and administrative supports available to patients and their
caregivers (“LEARN”); (2) a digital peer support community
to enable connections with other patients, caregivers, and health
care professionals (“CONNECT”); and (3) an emerging library
of validated digital symptom management therapeutic solutions
(“TOOLBOX”). Herein, we describe how participants’ insights
were synthesized and addressed by the various components or
“pillars” of the Brain Tumours Online platform.

Based on the emotional and psychological and social
connectedness themes, participants’perspectives on face-to-face
and digital peer support informed the design of our web-based
peer community under the CONNECT pillar. Our digital peer
community mitigates the access barriers (eg, time and
geographical constraints, privacy concerns) for people who
noted challenges with in-person support groups. Our platform’s
CONNECT pillar provides a range of avenues for sharing
stories, experiences, and knowledge, for example, topic-specific
chat forums, users’ individual posts, and digital webinars. The
CONNECT pillar also provides an avenue for sharing other
patients’ and caregivers’ past hopeful stories, addressing the
unmet need for positive stories that foster a sense of hope. The
participants’preference for a safe space was also translated into
the implementation of a moderator group, which includes
moderator-trained patients, caregivers, and health care
professionals. The CONNECT pillar also provides health care
professional interface, including via digital webinars, and in
their capacity as community moderators, to answer any questions
on chat forums and vet information.

Within the information theme, participants expressed the unmet
need for trusted and bespoke medical and social care
information. Our platform’s LEARN pillar provides a
consolidated repository of brain tumor expert-endorsed
information that is relevant to the Australian context, with
signposting to specific tumor types, life stages, and personal
situations. Examples of information available on the platform
range from social care options for childcare, treatment-related
travel subsidies for patients in remote and regional areas,
eligibility for motor vehicle driving, and what to expect in
various biomedical treatment options. The LEARN pillar
contains a combination of curated existing external (trustworthy
and vetted) resources and new resources freshly developed for
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our digital health platform where an existing suitable resource
was not already available.

Within the physical and practical theme, participants noted their
unmet needs for resources and interventions to manage symptom
burden. These needs are addressed by the Brain Tumours Online
platform’s TOOLBOX pillar. The TOOLBOX is intended to
become a growing library of validated digital therapeutic tools
for symptom management. The first tool that is currently
available in the TOOLBOX is “Somryst,” a Food and Drug
Administration–approved digital therapeutic tool for chronic
insomnia. Additional tools will be incorporated into the platform
TOOLBOX in due course, in response to our user community’s
needs.

Discussion

Principal Findings
In this study, we set out to generate ideas and concepts to inform
the development of a digital health tool to support the unmet
needs of Australian patients with brain tumors, their caregivers,
and treating health professionals. The data revealed 4 themes
of unmet support needs that could be addressed by a digital
health tool or platform: emotional and psychological,
information, physical and practical, and social connectedness.
Participants expressed the desire for early and proactive mental
health intervention, noted the importance of providing mental
health support to caregivers, and emphasized the need for
positive stories and affirmative language. From an information
perspective, participants noted a sense of information overload,
especially at the beginning. They also underscored the variety
of information needed on an ongoing basis, including life after
treatment, and comprehensive care assistance to maintain quality
of life. Participants also described unmet supportive care needs
relating to symptom burden, practical and administrative support
to facilitate the logistics of accessing treatment, and
accomplishing daily life tasks such as work and study. Finally,
they expressed the desire for greater social connectedness and
safe spaces to engage with other people in a similar situation.

Comparison With Prior Work
The unmet supportive care needs identified in our study echo
some of the previous literature published in this area. For
example, Janda et al [20] conducted a qualitative exploration
of the supportive care needs of patients with brain tumors and
their caregivers. They identified the need for greater practical
support (eg, support with financial issues and dealing with
government agencies), the need for information and coping with
uncertainty, as well as support to deal with social isolation.
They found that technology could be a helpful avenue for
patients in obtaining information and supporting caregivers.
Our Brain Tumours Online platform seeks to provide a digital
peer support mechanism to help mitigate social isolation and
bridge information access gaps.

Indeed, the literature also emphasizes the changing needs of
patients and caregivers over time. Previous studies indicate that
information and mental health support needs are often greatest
at the start and can change over time [4]. Thus, past literature
emphasizes the need for bespoke and adaptable information and

supportive care resources that can assist patients and caregivers
in accordance with their evolving needs over time. Furthermore,
past studies also indicate patients and caregivers wish to stay
abreast of the latest developments in research and treatment of
brain tumors [21]. To this end, our Brain Tumours Online
platform seeks to serve as a living resource that can support
patients and caregivers at different stages of diagnosis,
treatment, and posttreatment living, and present a synthesis of
the latest developments in this field.

Based on past research, it appears that a key factor in the
mitigation of patients’ and their caregivers’ unmet needs was
the awareness of available psychosocial support services and
consequently their service use [22]. Therefore, a key aim of the
Brain Tumours Online platform will be to provide a consolidated
set of evidence-based resources on a variety of subjects ranging
from availing social care services through government agencies
to managing physical symptoms through allied health supports.

While our research findings are consistent with the past
literature, our team recognized that existing tools for cancer
care have often had little direct consumer engagement in their
conceptualization, development, and implementation [7]. Thus,
our qualitative exploration reported in this study was essential
to validate previous literature and ensure that the emergent Brain
Tumours Online platform meets the needs of Australian patients
with brain tumors and their caregivers.

Limitations
First, it should be noted that some of the unmet needs expressed
by our study’s participants related to more systemic medical
practice challenges, and could not be feasibly addressed through
our digital solution, for example, the timeliness of referrals to
mental health services. Nevertheless, by providing access to a
supportive community, a vetted repository of trusted medical
and psychosocial information, and easily accessible digital
therapeutics, the Brain Tumours Online platform seeks to bridge
comprehensive care and access gaps for a vulnerable patient
and caregiver community. Second, we note that this study was
aimed at adult participants only. Due to human research ethical
constraints, and the scope of our study, pediatric patients were
not included. The unmet needs of pediatric patients will need
to be explored in a future program of work.

Finally, we note that there were also some limitations associated
with our methodological approach. To minimize participant
burden, particularly for patients and caregivers, we conducted
interviews over the telephone. However, the conduct of
interviews over the telephone, as opposed to in-person or via
video call, meant that there was limited to no opportunity for
identifying nonverbal communication such as body language
and facial cues, which can be invaluable in qualitative lived
experience research. Similarly, the opportunity for building
personal rapport between the researcher and participant is
limited in a telephone interview as compared to an in-person
interview, which can in turn impact how freely participants
share their personal experiences.

Conclusions
To our knowledge, when we began this project, there were no
comprehensive digital health supportive care solutions for
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Australian patients with brain tumors and their caregivers.
Building on our prior research on the quality of life of patients
with brain tumors [2,3,13], their patterns of social media use
for disease management [8], and needs and expectations from
a digital health model of care [7], we engaged with Australian
patients with brain tumors, their caregivers, and treating health
professionals to co-design a digital health solution to address
the unmet supportive care needs of this population. Participants’

insights were distilled to develop content for a web-based
supportive care platform called “Brain Tumours Online.” The
platform comprises three pillars—(1) LEARN: a repository of
vetted information about a range of biomedical and psychosocial
care topics; (2) CONNECT: a digital peer support community
with a health care professional interface; and (3) TOOLBOX:
an emerging library of validated digital therapeutics for
symptom management.
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Abstract

Background: Cancer-care complexity heightens communication challenges between health care providers and patients, impacting
their treatment adherence. This is especially evident upon hospital discharge in patients undergoing surgical procedures. Digital
health tools offer potential solutions to address communication challenges seen in current discharge protocols. We aim to explore
the usability and acceptability of an interactive health platform among discharged patients who underwent oncology-related
procedures.

Methods: A 4-week exploratory cohort study was conducted. Following hospital discharge, a tablet equipped with an integrated
Personal Virtual Assistant (PVA) system was provided to patients who underwent oncology-related procedures. The PVA
encompasses automated features that provide personalized care plans, developed through collaboration among clinicians,
researchers, and engineers from various disciplines. These plans include guidance on daily specific assignments that were divided
into 4 categories: medication intake, exercise, symptom surveys, and postprocedural specific tasks. The aim was to explore the
acceptability of the PVA by quantification of dropout rate and assessing adherence to each care plan category throughout the
study duration. The secondary aim assessed acceptability of the PVA through a technology acceptance model (TAM) questionnaire
that examined ease of use, usefulness, attitude toward use, and privacy concerns.

Results: In total, 17 patients were enrolled. However, 1 (5.8%) patient dropped out from the study after 3 days due to health
deterioration, leaving 16/17 (94.2%) completing the study (mean age 54.5, SD 12.7, years; n=9, 52% Caucasian; n=14, 82% with
a gynecological disease; n=3, 18% with a hepatobiliary disease). At the study end point, adherence to care plan categories were
78% (SD 25%) for medications, 81% (SD 24%) for exercises, 61% (SD 30%) for surveys, and 58% (SD 44%) for specific tasks
such as following step-by step wound care instructions, managing drains, administering injectable medications independently,
and performing pelvic baths as instructed. There was an 80% patient endorsement (strongly agree or agree) across all TAM
categories.

Conclusion: This study suggests the potential acceptability of the PVA among patients discharged after oncology-related
procedures, with a dropout rate of less than 6% and fair-to-good adherence to tasks such as medication intake and exercise.
However, these findings are preliminary due to the small sample size and highlight the need for further research with larger
cohorts to validate and refine the system.

(JMIR Cancer 2025;11:e64145)   doi:10.2196/64145

KEYWORDS

digital health; personal virtual assistant; remote patient monitoring; surgical oncology; posthospital discharge; postoperative
support; medication adherence postsurgery; patient engagement; mHealth; mobile health
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Introduction

Ineffective communication between cancer patients and health
care providers can result in heightened distress, compromised
quality of life [1], reduced treatment adherence [2,3], and
suboptimal quality of care [4]. The complexity of cancer care,
coupled with the necessity for a multidisciplinary approach,
exacerbates communication challenges in this population [4,5].
For instance, multiple health care professionals including
surgeons, medical and radiation oncologists, pathologists,
nurses, physical therapists, social workers, and nutritionists,
amongst others, can be involved in one single treatment plan
[6]. This multidisciplinary approach, while essential to provide
comprehensive care, often results in multiple hospital
follow-ups, varied medication regimens and heterogeneous
instructions, which can lead to misunderstandings, failure of
cancer treatment protocols, and physical and psychological harm
[4].

These communication issues in cancer patients become
especially evident in those undergoing surgical procedures and
transitioning from hospital to home settings [7]. Upon hospital
discharge, cancer patients are commonly provided with a list
of extensive instructions based on written or printed summaries,
which are lengthy and tedious [8-11], making it difficult to
understand and follow [12,13]. In recent years, there has been
a shift toward using computer generated programs to create
quick and interactive materials in the form of educational
websites, audio, and videos [14]. However, they still fall short
in providing interactive and bidirectional communication with
health providers.

During the COVID-19 pandemic, digital health emerged as an
alternative to address communication challenges through
technology platforms and remote health monitoring [15]. Digital
tools such as telemonitoring, telemedicine, mobile health apps,
and wearable devices [16] became useful tools for improving
treatment compliance, symptom management, and patient
communication. However, as these tools become more widely

adopted, it has become evident that numerous challenges must
be addressed to improve their usability, accessibility, and
effectiveness, particularly in cancer care. Key challenges in
adopting digital technologies for cancer patients include
disparities in technology literacy, poor integration into clinical
workflows, time-intensive processes, and limited bidirectional
communication. Furthermore, content may be biased if created
by those without health-related expertise. To address these
challenges, a collaboration between academia (Baylor College
of Medicine, Houston) and industry (Smartek21, Seattle)
developed an interactive digital platform, called Personal Virtual
Assistant (PVA). The PVA is designed to virtually coach
patients in adhering to their postoperative care plans and enhance
communication after hospital discharge. This exploratory study
examined the usability and acceptability of the PVA among
patients undergoing oncology-related procedures, aiming to
identify its successful components, adoption barriers and areas
for improvement.

Methods

Personal Virtual Assistant Development
The PVA streamlines posthospital discharge care plans through
3 key elements: an interactive patient platform, a care provider
portal, and a secure cloud backend interface.

The Interactive Patient Platform uses an app integrated into a
tablet that works through internet connection. Upon launching
the app, the home screen displays the patient daily care plan
(Figure 1A), which can include “prescribed medications,”
“exercises,” “symptom surveys,” and “postprocedural specific
tasks.” The assignments that appear on the home screen depend
on the time and day of recovery. Patients have the option to
navigate through these assignments by manual selection or by
using natural language voice-commands upon pressing the
“voice-command” button and speaking aloud the category name.
In addition, the app has an alert notification system to remind
patients to complete the assignments by marking each one as
“done.”
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Figure 1. Personal Virtual Assistant displaying the patients’portal home screen. (A) Personal Virtual Assistant displaying the home screen once opened.
When scrolling down, all 4 categories (medications, exercises, symptom surveys, and specific tasks) are seen. The red circle represents the button to
navigation sidebar and the red arrow depicts the voice-command button. (B) Navigation sidebar options displaying additional navigation tools such as
messages, appointments, my library, and symptom surveys.

On the top left side of the screen, a menu sidebar button is
available to allow patients to navigate into other aspects of their
care plan such as “Appointments,” “My Library,” “Messages,”
and “Surveys,” (Figure 1B). By manually selecting or speaking
aloud “Appointments” on the PVA, a calendar appears
displaying upcoming clinic visits. Then, more details are
available upon selecting the desired appointment (Figure 2A).
The “My library” tab offers educational video content covering
various topics such as guidance on how to use the tablet,

exercise during cancer care, and guidance on postsurgical
recovery (Figure 2B). Within this tab, a frequently asked
questions section is also available, in which patients have the
option to listen to them outload by pressing the “listen” button
located above the text (Figure 2C). In addition, the “My
Messages” tab opens a chat box where patients can communicate
with the user behind the care provider portal, in this case the
clinical research team. Finally, the “My Surveys” tab redirects
to the home-screen symptom surveys.
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Figure 2. Personal Virtual Assistant displaying the patients’ portal additional navigation tabs. (A) Appointment tab displays a calendar. Details appear
upon clicking on the date. (B) My Library contains educational content about Personal Virtual Assistant and surgical recovery. (C) Frequently Asked
Questions about technology troubleshooting and recovery process includes audio option for listening to these explanations. (D) Surveys patient must
complete that inquire about symptoms and pain.

The Care Provider Portal is accessed through a website on any
computer with an internet connection. In this study, the portal
was personalized for use by the clinical research team. Once
accessed by the user, a dashboard screen listing all patients with
their upcoming appointments and weekly logins to the PVA
system is displayed (Figure 3). On the left side of the screen, a
menu sidebar including 10 different tabs allows the user to

individually customize each patient care plan. For instance, in
the “Patient Management” tab, the user can customize each
patient’s posthospital discharge instructions. In the
“Medications” and “Exercises” tabs, users can manage drug
dose, frequency, duration, and mobility sessions, respectively.
All information provided through these tabs are stored as
repositories, feeding an electronic library for future care plans.
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Figure 3. Personal Virtual Assistant displaying the care provider portal. Main dashboard on any computer with internet connection. Green arrow: points
to the navigation sidebar. Red arrow: points at the adherence tracker, which opens a drop-down menu that shows daily adherence for each of the 4
categories in the care plan.

The cloud backend is a secure cloud-based platform that allows
for instant updates to care plans, sends alerts, monitors
adherence to care plans, arranges appointments, enables
communication, and creates a resource library with relevant
content for patients and care providers.

Integration of Clinical Content Into the Personal
Virtual Assistant
The PVA clinical content was developed by a multidisciplinary
team including expert physicians in surgical oncology, medical
oncology, pulmonology and critical care, and medical
researchers from 1 academic institution (Baylor College of
Medicine, Houston). As a result, specific discharge care content
was created for 2 medical specialties: hepatobiliary surgery and
gynecologic oncology. Engineers from 1 industry (Smartek21,
Seattle) assigned the developed content into the different PVA
features previously described.

The hepatobiliary surgery content was directed to pancreatic
cancer procedures (ie, distal pancreatectomies and Whipple
procedure). Content displayed in the home screen included
prescribed medications, exercise guidance on respiratory

therapy, symptom surveys, and specific tasks detailing wound
care for surgical incisions, drain management, and video guides
for self-administration of medications (Figure 4A and 4B).

The gynecologic oncology content focused on hysterectomies,
radical vulvectomies, and cytoreductive surgeries. Content
displayed in the home screen included prescribed medications,
exercise guidance on lower extremity mobility (ie, walking,
calf pumps, and leg raises), symptom surveys, and specific tasks
detailing step-by-step incision care, and revision of instructions
for healing of pelvic and genital areas (ie, sitz baths description,
Figure 4C and 4D). In addition, information on postsurgery
expectations, permissible and prohibited activities, warning
signs requiring immediate medical attention, and recommended
over-the-counter medications were included in the “My Library”
tab.

In total, 2 symptom surveys were included in the content for
both specialties, 1 monitored pain through a 10-point Likert
scale, and the other monitored deep vein thrombosis (DVT) and
assessed bleeding signs from mucosa or surgical incisions, using
questions suggested by the clinical team.
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Figure 4. Personal Virtual Assistant displaying the patients’ portal “specific tasks” tab. (A) Home screen displaying the specific task “drain care” for
patients undergoing hepatobiliary procedures. (B) Explanation of drain care (adapted from Go et al [17] which is published under a Creative Commons
Attribution-NonCommercial International License [18]). (C) Home screen displaying the specific task “sitz bath” for patients undergoing gynecologic
oncology procedures. (D) Upon clicking on the “show more button,” an explanation in the form of text and images appears. Image taken from SitzBliss
sitz bath (SitzBliss in AMAZON).

Study Design
To test the PVA’s feasibility, a 4-week pilot prospective study
in individuals undergoing hepatobiliary and gynecologic
oncology procedures was performed between November 2022
and October 2023.

Eligible patients were aged ≥18 years old; scheduled to undergo
ambulatory surgery due to suspected malignancy; willing to
engage with a PVA for 4 weeks following hospital discharge.
Patients were excluded if they had: major foot and ankle
problems (eg, major amputation and severe neuropathy); unable
to provide informed consent; documented (confirmed through
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electronical medical records) major cognitive impairment, a
psychiatric condition or abnormal laboratory results that, in the
judgment of the clinical investigator, would interfere with the
ability to participate in the study; active thrombotic condition
or were using therapeutic anticoagulants; and were non-English
speakers. In addition, individuals with uncorrected severe vision
or hearing impairments that prevented them from effectively
interacting with the PVA tablet, as determined by the
investigators’ judgment, were excluded.

Before their surgery, patients received a 10-minute tutorial on
PVA navigation. At hospital discharge (baseline), the research
team manually customized the patients’ PVA content,
incorporating the standard care plan detailed in their electronic
medical record (EMR) by the attending surgeon. Demographic
information was collected, and the patients were given the tablet
with instructions to begin using it within 24hrs. After 4 weeks
(end point), acceptability, and perceptions of the PVA were
assessed by telemedicine, and adherence data was collected
through a built-in tracking system within the PVA. Then,
patients were asked to ship back the tablet. Weekly phone or
video calls by the research team were performed during the
study to address questions regarding the PVA functionality,
content, or updates on their postoperative care according to their
EMR.

Feasibility, Adherence, and Acceptability Outcomes
Feasibility was assessed by quantification of dropout rate set
to ≤10% throughout the study period (4 weeks). Adherence was
quantified by completion of assignments (marked as “done”)
in each of the 4 categories included in the care plan (ie,
prescribed medications, exercises, symptom surveys, and
specific tasks). For each patient, the percentage of each category
was calculated by dividing the number of completed assignments
by the number of days in which they were assigned during the
study period.

Acceptability was assessed using a 12-item Technology
Acceptance Model (TAM) questionnaire rated with a 5-point
Likert Scale and ranging from strongly agree to strongly
disagree, or very easy to very difficult. The TAM assessed 4
key areas: perceived ease of use, perceived usefulness, attitude
toward use, and privacy concerns [19].

Furthermore, open-ended questions collected feedback on the
user experience and suggestions for enhancing the PVA in
Multimedia Appendix 1.

Ethical Considerations
Patients signed an informed consent at the Dan L Duncan
Comprehensive Cancer Center at Baylor College of Medicine
before study enrollment. The protocol was approved by Baylor
College of Medicine’s Institutional Review Board (protocol
number: H-51654), and research procedures were conducted in
accordance with the Declaration of Helsinki.

Results

Patient Characteristics
A total of 212 potential candidates were screened from the
Duncan L Cancer Center at Baylor College of Medicine. Out
of these, 166 were not eligible for surgery, 12 were non-English
speakers, 7 did not respond to calls, and 7 declined to participate.
This led to 20 eligible patients who consented and enrolled in
the study, however 3 were withdrawn before study initiation
due to surgery cancellation. In total, 17 patients initiated the
study and received a tablet with the PVA app integrated. All
patients were female (mean age 54.5, SD 12.7, years; mean
BMI 33, SD 11.5, kg/m2). Out of these, 14 patients had
gynecologic oncology procedures, and 3 had hepatobiliary
oncology procedures. Ten out of 17 (59%) patients confirmed
malignancy on biopsy (Table 1).
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Table . Patient demographic information.

Participants (N=17)Characteristic

17 (100)Sex (female), n (%)

54.5 (12.7)Age (years), mean (SD)

Race, n (%)

11 (6)White

5 (29)Black

Ethnicity, n (%)

5 (29)African American

9 (52)Caucasian

2 (12)Hispanic

1 (7)Asian

33 (11.5)BMI, kg/m2, mean (SD)

Pathology report, n (%)

Benign (n=7)

7 (100%)Gynecological

Malignant (n=10)

3 (30%)Gastrointestinal

7 (70%)Gynecological

Feasibility and Adherence
One out of 17 patients (5.8%) dropped out from the study at
postoperative day (POD) 3 due to health deterioration (reported
feeling very weak and sick) and unwillingness to interact with
the tablet. All other patients (16/17, 94.2%) completed the study
and were included in the adherence and acceptability analyses.
Among the analyzed patients, there was a mean adherence rate
of 78% (SD 25%) for prescribed medications, 81 (SD 24%) for
exercises, 61 (SD 30%) for symptom surveys, and 58 (SD 44%)
for specific tasks. Detailed adherence data for each patient over

the 4-week period is available in Multimedia Appendix 1. The
responses to the open-ended questionnaire regarding technology
acceptance, including perceived ease of use and perceived
benefits, are available in Multimedia Appendix 2.

Acceptability
There was an 80% patient endorsement across all TAM
categories (Table 2 and Table 3). The highest endorsed items
were regarding the simplicity of managing daily tasks (93.8%)
and medications (93.8%), in the perceived ease of use category.
Perception assessment is depicted in Multimedia Appendix 1.

Table . Responses (n=16) to perceived ease of use in the Technology Acceptance Model (TAM) questionnaire of patients who completed 4 weeks.

Endorsement (very
easy + easy), %

Responses, nPerceived ease of
use

Very difficultDifficultNeutralEasyVery easy

75013111Navigating my pa-
tient engagement
app

81021211Managing my ap-
pointments

94001312Managing my med-
ications

94010411Managing daily
tasks

88002311Managing my mes-
sages

5601618Connecting to my
video calls

88004410Accessing my exer-
cise guidance
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Table . Responses (n=16) to perceived usefulness, attitude toward use, and privacy concerns in Technology Acceptance Model (TAM) questionnaire
of patients who completed 4 weeks.

Endorsement
(strongly agree +
agree), %

Responses, nCategory and item

Strongly dis-
agree

DisagreeNeutralAgreeStrongly agree

Perceived usefulness

69131110I do not need the
support of a
technical person
to use this app

7500448The patient en-
gagement app is
a useful resource
in managing my
post hospital
care

8100358Reminders via
the app effective-
ly reminded me
to complete my
tasks

Attitude toward use

7500248When this pa-
tient engagement
app becomes
available, I will
use it

8100358I would recom-
mend this patient
engagement app
to other friends
or family mem-
bers who are dis-
charged from the
hospital

Privacy concerns

62114010I do not have
privacy concerns
while using this
patient engage-
ment app

Reported Events During Study
Events were retrospectively collected via EMR in patients who
completed the study. Three events were found; all were noted
from patients undergoing gynecologic oncology procedures.
One patient reported a falling incident to the research staff by
phone call, but not through the PVA. This event did not require
hospital readmission. Furthermore, 1 patient visited the
emergency room (ER) on POD-17 due to sepsis secondary to
acute cystitis or intra-abdominal abscess (per EMR note).
Symptoms included pain during urination, lower back pain, and
chills, which were not reported in the PVA chat. Symptom
surveys recorded pain levels of 2/10 and 3/10 days before the
ED visit. Treatment included computed tomography–guided
needle aspiration, drain placement, and antibiotics. Another
patient visited the ER on POD-28 due to lower abdominal pain

and was diagnosed with an intramuscular rectus sheath
hematoma (per EMR note). The patient experienced pain the
previous week but did not report it in the PVA chat. Pain levels
recorded in the PVA surveys were 7/10 just 2 days before the
ER visit. The patient reported ineffective pain control through
EMR chat (EPIC MyChart) and was advised to visit the ER by
the health care team. Treatment consisted of analgesics and
hospital observation for 24 hours.

Discussion

Principal Findings
This study explored the usability and acceptability of providing
individualized postoperative care plans through a PVA system
in patients undergoing hepatobiliary and gynecologic oncology
procedures. This system is composed of 3 key elements, a tablet
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with an integrated app provided to the patient (patient portal),
a website for care providers to manage from any computer (care
provider portal), and a secure cloud backend system that links
both portals. Through the care provider’s portal, the research
team entered the patients’ postoperative care plans assigned by
their attending physician which included guidance on daily
personalized assignments divided into 4 categories (ie,
medications, exercise, symptom surveys, and specific tasks).
Then, a tracking system assessed the adherence to such
categories. In total, 16 (93.7%) patients completed the study,
showing an 80% acceptability rate evaluated through a
technology acceptance model questionnaire. Adherence to the
care plan surpassed 70% of assignments completed in the
medications and exercise categories.

Digital health applications for postoperative recovery have
shown efficacy for enhancing communication between patients
and care providers in different areas [20,21]. Strategies used
for such enhancement include symptom monitoring surveys
[21-29] educational videos for wound care [17] and exercise
implementation [30], which support patients in complying with
their postoperative management. Other apps may alert care
providers to detect warning signs for faster communication of
adverse events [21,29,31]. Our multidisciplinary team integrated
these features in an interactive, practical, and simple manner
through a personalized tablet (Figure 2). This strategy ensures
that compliance notifications remain separate from personal
devices, thereby minimizing the risk of overlooking care
management assignments. In addition, this system’s integrated
“voice-enabled” navigation commands facilitate usability in
those who have challenges on interpreting and inputting text.
Emphasis was placed on presenting care plan assignments in
an organized format, starting with the home screen, with the
objective of creating a daily routine that patients could complete.
Importantly, all features were integrated through direct
consultation with clinicians, something we believe was crucial
for patient engagement. Subhi et al [32] emphasized that without
adequate professional input, digital health tools may deliver
content that fails to meet patients’ needs and deploy
interventions that are ineffective. Thus, the success of digital
health tools relies on the proper combination of evidence-based
systems with realistic content that involves individualized care
plans guided by clinical minds.

Today, few authors have explored digital health applications
for postsurgical oncologic care, all reporting high feasibility.
Graetz et al [31] designed a mobile app for 26 patients
undergoing gynecologic oncology procedures, incorporating
progressive reminders regarding discharge instructions,
medication adherence and completion of symptom surveys. The
study was performed in 4 weeks, resulting in 88% of participants
completing the study. In a similar population, Temple-Oberle
et al [33] conducted a 6-week randomized controlled trial using
a mobile app, in which patients uploaded wound pictures, drain
volume data, reported symptoms or wound complications, and
received unidirectional messages from their physicians. The
approach was compared to standard of care, having only 1/36
patients (2%) in the intervention group dropping out of the
study. Similarly, the majority of participants in the present
4-week study who used the PVA were those undergoing

gynecological oncologic procedures, with 13/14 (93.7%)
completing the study. We attribute this rate to the personalized
content that was created for each patient. For instance,
gynecologic patients undergoing surgery are recommended to
perform sitz baths to relieve pain, swelling, and improve wound
healing in the pelvic area [34]. However, proper instructions on
the right equipment, water level and temperature, duration, and
frequency of baths, are often forgotten [35]. The PVA reminds
and guides patients to perform this task by notifications and
banners on the screen (Figure 4C). This notification system has
been shown to increase usability of digital health tools in
gynecologic oncology patients [31]. Noteworthy, it is difficult
to ascertain if the notification system influenced patient
compliance and study completion the most. In addition, the
known low-risk of postoperative complications in the group of
gynecologic oncology patients could have been another factor
contributing to a less pronounced dropout rate [31,33].

Another important aspect for assessing feasibility of digital
health tools is the quantification of adherence to such systems.
For instance, Mata et al [36] considered adherence as completion
of 5 specific daily tasks (ie, early mobilization, gum chewing,
consumption of oral liquids, breathing exercises, and
consumption of protein drink) by following instructions from
a tablet in 40 hospitalized patients who underwent colorectal
surgery. Among these, 60% had a cancer diagnosis.
Interestingly, a 94% adherence rate was seen on POD-1 but
declined to 43% at POD-3. Similarly, Low et al [37] measured
in-hospital adherence among patients undergoing abdominal
cancer surgery, based on symptom survey responses via a mobile
app and quantification of daily usage of a smart band (Fitbit).
Adherence rates reported were 22% and 35%, respectively.
However, when measuring adherence in the posthospital
discharge phase, both rates increased (41 and 65%, respectively).
This highlights how the timing and setting of digital health tools
usage can impact adherence, particularly in those employed
once patients have cleared hospitalization. In this study,
posthospital discharge adherence was evaluated upon completing
the assignments within the 4 care plan categories. This resulted
in a high adherence rate for medications and exercises (78%
and 81%, respectively). However, the patients’ freedom to mark
each assignment as “done” could have biased our results, as it
is difficult to verify whether these were truly completed. On
the other hand, there was a 61% and 58% adherence rate for
symptom surveys and specific tasks, respectively. Perhaps this
was reflected on the 46% rate of patients who recommended
including fewer surveys and questions in the PVA in Multimedia
Appendix 1. Nonetheless, an interventional study evaluating
clinical outcomes (ie, faster recovery, adverse events, and
hospital readmission) is warranted to confirm associations with
adherence.

To evaluate acceptability, the present study used a TAM
questionnaire tailored for the PVA system, showing an 88.75%
ease of use, 86.62% perceived usefulness, 85% attitude toward
use, and 81% privacy concerns rates. No notable differences in
technology acceptability were observed between younger (<60
years old) and older (>60 years old) patients, with overall scores
appearing similar across age groups. While a small number in
both groups indicated needing technical support or gave neutral
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responses regarding app usage, these differences were minimal
and not statistically analyzed. Other cancer digital health apps
using acceptability queries have shown similar high rates.
Karlsson et al [38] utilized the System Usability Scale revealing
a 77% ease of use score for an app that encourages mobility in
patients recovering from abdominal cancer surgery (Pedatim,
Phystec), surpassing the threshold (68 points) for high
acceptability of this query [39]. Hwang et al [40] used the
Patient Satisfaction Survey to evaluate an app that enables
remote monitoring of wounds and communication with care
providers in patients undergoing breast cancer surgery (Medeo),
revealing a 90% ease of use, 90% attitude toward use, 95%
perceived usefulness, and 100% of privacy concern rates. These
results reflect the potential use of digital health tools in cancer
patients recovering from surgical procedures and encourage
researchers for future and continuous development of such
systems.

Although the present study focused on exploring the PVA’s
feasibility and acceptability, we sought to retrospectively collect
incidents that happened during the study period to understand
the challenges that can be addressed for future system
improvement of the PVA. For example, one patient was
readmitted to the hospital on POD-28 due to rectus sheath
hematoma. Interestingly, this patient reported a poor adherence
rate in all categories (39% for medications, 61% for exercises,
54% for symptom surveys, and 0% to specific tasks). Despite
patients being instructed to directly communicate postoperative
incidents or complications to their care providers, our system’s
alternative monitoring options (ie, bidirectional chat and Likert
pain scales) failed to collect such incidents. In fact, neither the
patient’s care providers nor the PVA system had evidence of
the three reported incidents. We attribute this to the lack of
warning sign surveys evaluating fever, wound complications,
urinary tract infections, hematomas, or ileus (in gynecologic
procedures) [41]. We also believe that proper patient education
on warning signs should be included in the home screen. In
addition, the system could be equipped with advanced
monitoring features such as vital signs (ie, temperature, heart
rate, and respiratory rate) and symptom reporting surveys
integrated with automated alarms to alert users when certain
thresholds are exceeded. These technological enhancements
could facilitate prompt detection of postoperative complications
to avoid hospital readmissions.

The study findings highlight opportunities to enhance the clinical
application of this interactive digital technology, particularly
in improving adherence to symptom reporting and supporting
the successful completion of specific tasks, that may benefit
from more detailed, step-by-step education incorporating
comprehensive images or videos. Acceptability and usability
are essential first steps in deploying interactive digital solutions
to support posthospital discharge care plans. While these
solutions hold promise for preventing surgical complications
and reducing hospital readmissions, such outcomes remain the
ultimate goals of these technologies and require further
validation. Research suggests that remote patient monitoring
during postsurgical recovery phases can significantly lower
hospital readmissions and minimize unnecessary clinic visits
compared to standard of care [40]. We speculate that the PVA

could meaningfully improve clinical outcomes by enhancing
patient adherence to postdischarge care plans, including
medication adherence, exercise routines, symptom reporting,
and task completion. However, this speculation requires
validation through future interventional studies. Further research
should also explore how the PVA can optimize communication
between patients and care providers, fostering a more seamless
and effective recovery process.

Limitations
There are several limitations to our study. Major limitations of
this study are its exploratory design, small sample size, and the
absence of a control group. These factors restrict our ability to
evaluate the PVA’s effectiveness compared to standard
postdischarge care, limiting our understanding of its overall
impact. The low dropout rate and high adherence observed could
be attributed to the weekly monetary compensation offered to
patients, which may have influenced their participation levels.
The questions included in the TAM for evaluating participant’s
adherence and perceptions might have introduced an
acquiescence bias, with patients predisposed to agree with the
assessment statements. In addition, we did not examine
variations in technology acceptance across different age groups,
ethnicities, or cancer types. Such an analysis could provide
valuable insights and broaden the applicability of our findings.
In the next phase of the study, we plan to incorporate
demographic analysis to better understand PVA acceptability
and tailor its use to diverse patient populations. Another
significant limitation was the lack of integration between the
PVA system and electronic medical records, requiring research
teams to manually enter each participant’s discharge plan. This
manual process was not only time-consuming but also involved
transcribing detailed instructions in each category of the care
plan. Even though the system adherence tool identifies which
specific assignments within each category of the care plan (ie,
medications, exercise, tasks, and surveys) have been completed
by the patient, the clinical study coordinator or health care
provider must continuously revise this data on a daily basis. In
addition, the health care provider portal, although intended for
provider use, was managed by the research team. Thus, the
absence of direct contact between patients and health care
providers could have affected their experience or willingness
to engage fully with the PVAs messaging tool. Regarding the
surveys used in the PVA (ie, pain scales and DVT symptoms),
patients’ answers require continuous revision on a daily basis
by the user. However, the research team only reviewed these
surveys at the end of the study, highlighting a critical limitation.
The absence of real-time symptom collection likely affected
the ability to assess the PVA’s effectiveness in early prevention
and detection of common postsurgical complications.

To address this limitation, future iterations will focus on
redesigning surveys to facilitate real-time symptom reporting
and efficient review by the clinical care team. This redesign
aims to enhance usability while avoiding time-consuming
processes, ultimately improving the PVA’s role in patient care
and early intervention. Furthermore, the app requires internet
connection to function and receive real-time updates to the care
plan. At the time of this study, it was not available on Google
Play Store or Apple platforms, which meant that updates had
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to be manually downloaded through a link provided by our
industry partner (Smartek21) from the web. Finally, while the
PVA allows for picture uploads through a secure chat with
researchers, this feature was not instructed as part of the study
protocol. We believe this feature should be used in future
studies, as it is crucial for the prompt identification of clinical
warning signs [21,22,24,25,27-29,42].

Conclusion
This exploratory study demonstrated the usability and
acceptability of an interactive digital solution designed to
provide an organized, step-by-step guide for postsurgical care,
and simplify adherence to care plans in patients undergoing
gynecological oncology and hepatobiliary oncology procedures.
The findings suggest perceived acceptability, ease of use, and
intention to use the platform, although privacy concerns remain
a limitation for broader scalability. The results showed

fair-to-good adherence to certain postdischarge tasks, such as
recommended exercises and prescribed medications, while
adherence to symptom surveys and specific tasks was notably
lower. Integrating additional features, such as notification
reminders and voice-enabled systems, appeared promising for
improving compliance. Furthermore, information retrospectively
gathered from postsurgical complications provided valuable
insights for enhancing the PVA system in future iterations.
These findings underscore the potential for interactive digital
health solutions to improve communication between patients
and care providers while coaching patients to adhere to
prescribed postdischarge tasks, which may ultimately enhance
recovery outcomes. However, these observations are preliminary
and need to be confirmed in studies with larger sample sizes.
In addition, future research should focus on validating the
effectiveness of this solution in improving posthospital discharge
outcomes.
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Abstract

Background: Cancer survivors and their caregivers, particularly those from disadvantaged backgrounds with limited health
literacy or racial and ethnic minorities facing language barriers, are at a disproportionately higher risk of experiencing symptom
burdens from cancer and its treatments. Large language models (LLMs) offer a promising avenue for generating concise,
linguistically appropriate, and accessible educational materials tailored to these populations. However, there is limited research
evaluating how effectively LLMs perform in creating targeted content for individuals with diverse literacy and language needs.

Objective: This study aimed to evaluate the overall performance of LLMs in generating tailored educational content for cancer
survivors and their caregivers with limited health literacy or language barriers, compare the performances of 3 Generative
Pretrained Transformer (GPT) models (ie, GPT-3.5 Turbo, GPT-4, and GPT-4 Turbo; OpenAI), and examine how different
prompting approaches influence the quality of the generated content.

Methods: We selected 30 topics from national guidelines on cancer care and education. GPT-3.5 Turbo, GPT-4, and GPT-4
Turbo were used to generate tailored content of up to 250 words at a 6th-grade reading level, with translations into Spanish and
Chinese for each topic. Two distinct prompting approaches (textual and bulleted) were applied and evaluated. Nine oncology
experts evaluated 360 generated responses based on predetermined criteria: word limit, reading level, and quality assessment (ie,
clarity, accuracy, relevance, completeness, and comprehensibility). ANOVA (analysis of variance) or chi-square analyses were
used to compare differences among the various GPT models and prompts.

Results: Overall, LLMs showed excellent performance in tailoring educational content, with 74.2% (267/360) adhering to the
specified word limit and achieving an average quality assessment score of 8.933 out of 10. However, LLMs showed moderate
performance in reading level, with 41.1% (148/360) of content failing to meet the sixth-grade reading level. LLMs demonstrated
strong translation capabilities, achieving an accuracy of 96.7% (87/90) for Spanish and 81.1% (73/90) for Chinese translations.
Common errors included imprecise scopes, inaccuracies in definitions, and content that lacked actionable recommendations. The
more advanced GPT-4 family models showed better overall performance compared to GPT-3.5 Turbo. Prompting GPTs to produce
bulleted-format content was likely to result in better educational content compared with textual-format content.

Conclusions: All 3 LLMs demonstrated high potential for delivering multilingual, concise, and low health literacy educational
content for cancer survivors and caregivers who face limited literacy or language barriers. GPT-4 family models were notably
more robust. While further refinement is required to ensure simpler reading levels and fully comprehensive information, these
findings highlight LLMs as an emerging tool for bridging gaps in cancer education and advancing health equity. Future research
should integrate expert feedback, additional prompt engineering strategies, and specialized training data to optimize content
accuracy and accessibility.
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Introduction

More than 18.1 million individuals with a history of cancer were
alive in the United States in 2022, and that number is projected
to reach 26 million by 2040 [1]. Cancer survivors receive a wide
range of treatments, often experiencing severe symptoms or
side effects, including fatigue, depression, anxiety, sleep
disturbance, pain, cognitive impairment, nausea, vomiting, and
neuropathy [2-7]. These symptoms negatively impact survivors’
functional status, quality of life, and overall survival rates [8-11].
Cancer caregivers, typically family members or significant
others offering primary emotional and physical support for
cancer survivors, experience an array of similar distressing
symptoms [12-14]. These symptoms are linked to high
caregiving burden, emotional distress, and communication
barriers with cancer survivors and providers [15]. In addition,
disparities in health care access further exacerbate the challenges
faced by cancer survivors and their caregivers, especially those
from disadvantaged communities that have limited health
literacy or language barriers [16]. Those with limited health
literacy and racial and ethnic minorities facing language barriers
are at greater risk for poorer access to care [17-19].
Consequently, they tend to experience a heavier symptom
burden and poorer health outcomes during and after cancer
treatments [20].

With over 3-quarters of the disadvantaged population owning
smartphones or computers [21], technology-based intervention
programs can bridge the accessibility gap and promote health
equity [22,23]. The advent and growth of artificial intelligence
have enabled researchers to design tailored and personalized
interventions and educational content to meet individual unmet
needs [24]. Large language models (LLMs) are advanced
artificial intelligence systems that can understand and generate
human-like text by training on vast amounts of data [25]. LLMs
perform various language tasks, such as answering questions
and translating languages. How questions are asked can
significantly affect the performance of LLMs. This process,
known as prompt engineering, is crucial for obtaining accurate
and relevant responses from LLMs [26,27]. While LLMs have
demonstrated remarkable potential in cancer research [28-31],
their efficacy in real-world scenarios, such as cancer care and
education, which often require advanced levels of
comprehension, have yet to be thoroughly assessed.

Recent advancements in LLMs, such as GPT-4 and GPT-4
Turbo (OpenAI) [32,33], have demonstrated their exceptional
proficiency in completing various tasks, including coding,
design, and content summarization. Previous research [34,35]
indicates that LLMs can capture large volumes of text
effectively, even without specialized domain knowledge. This
ability highlights its sophistication in processing and
understanding information across a broad spectrum of topics,
and its potential to significantly aid in analyzing unstructured
data in clinical environments (eg, clinical notes) [34,35].
However, there are several notable gaps in the current
knowledge. First, while LLMs have demonstrated high levels
of accuracy in understanding extensive texts [34,36,37], even
minor inaccuracies can have detrimental effects on patient
outcomes [38], particularly regarding actionable advice.

Therefore, the content they generate still necessitates additional
expert verification to ensure it is error-free and ready to be
presented to patients and their caregivers. Second, although
previous research [36,37] has demonstrated promising results
in content summarization, these LLMs are often not applied in
clinical environments, or they specifically address cancer care
and education among disadvantaged groups that has limited
health literacy or language barriers [39]. Finally, most
educational resources for cancer care are available exclusively
in English, which can create comprehension challenges for
non-English speakers (eg, Hispanic individuals and immigrants).
Also, cancer survivors and their caregivers, already
overwhelmed by treatment, often lack the time to read lengthy
content. Therefore, it is essential to provide educational content
in multiple languages and in concise content to ensure effective
communication and education [40].

To address these gaps, our team aimed to evaluate how LLMs
perform in tailoring educational content to enhance accessibility
and comprehension for cancer survivors and their caregivers.
In this study, our primary task was to evaluate and compare the
capabilities of multiple GPT-based LLMs in generating concise,
low-literacy-level, and multilingual educational content tailored
for cancer survivors and their caregivers with limited health
literacy or language barriers. Specifically, we aimed to evaluate
the overall performance of LLMs in generating tailored
educational content that adheres to a strict word limit, a
sixth-grade reading level, and high-quality criteria (clarity,
accuracy, relevance, completeness, and comprehensibility),
compare the performances of 3 GPT models (GPT-3.5 Turbo,
GPT-4, and GPT-4 Turbo), and explore how different prompt
structures (textual vs bulleted format) influence the quality of
the generated content. This approach helps them manage their
symptoms more effectively, thereby reducing health disparities
and promoting health equity.

Methods

Design
This study involved a multistep methodology that included: (1)
specifying the exact task requirements for the LLMs, to produce
educational content on 30 selected cancer care topics written at
a sixth-grade reading level, limited to 250 words, and translated
into Spanish and Chinese; (2) generating tailored educational
content using 3 GPT models (GPT-3.5 Turbo, GPT-4, and
GPT-4 Turbo) with 2 prompt styles (textual and bulleted); (3)
expert evaluation of the generated content’s adherence to word
count, reading level, and 5 quality criteria; and (4) statistical
analyses (ANOVA [analysis of variance] and chi-square test)
to compare performance across models and prompt formats.

Prompt Engineering
To promote the accessibility and comprehension of educational
content for cancer survivors and their caregivers with limited
health literacy and language barriers, we structured prompts to
have LLMs produce content at a low reading level, maintain a
word limit of 250, and provide Spanish and Chinese translations
for each topic, as described below [41].

JMIR Cancer 2025 | vol. 11 | e67914 | p.324https://cancer.jmir.org/2025/1/e67914
(page number not for citation purposes)

Liu et alJMIR CANCER

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


The Flesch-Kincaid Grade Level (FKG) system [42] was used
to assess the readability of content produced by the LLMs. The
FKG level is a readability test designed to indicate how difficult
a text is to understand. It calculates the grade level required for
someone to comprehend the text. The FKG is based on word
length and sentence length, providing a numerical score that
corresponds to US grade levels [42]. The National Institutes of
Health (NIH) and the American Medical Association (AMA)
suggest that patient education materials should be written at a
reading level no higher than the sixth grade [43]. This
recommendation is in place to guarantee that the information
is reachable by a broad spectrum of individuals, encompassing
those with limited health literacy. Therefore, our research targets
an FKG level of 6 to align with this guidance.

We set a 250-word limit for our educational content, recognizing
that cancer survivors and their caregivers are frequently
preoccupied with treatment schedules and daily responsibilities,
leaving them with limited time for reading [44]. This word limit
is designed to ensure that participants can complete the reading
within 5 minutes, making the task both manageable and feasible
within their schedules.

Furthermore, it is shown that prompts exert a considerable
impact on the responses generated by LLMs [45]. Therefore,
we compared different prompts, including both textual and
bulleted formats, to determine which approach yields better
results.

The prompts we used are as follows:

1. Textual format: “Please summarize the following content
in Flesch-Kincaid Grade level of 6 and under 250 words:
[original text]”

2. Bulleted format: “Please summarize the following content
into bullet points in Flesch-Kincaid Grade level of 6 and
under 250 words: [original text]”

3. Spanish translation: “Please translate the following content
into Spanish: [tailored text]”

4. Chinese translation: “Please translate the following content
into Chinese: [tailored text]”

Expert Evaluation
We assembled a panel of 9 oncology experts, comprising 4
oncology professors, 4 doctoral students, and 1 medical resident.
Among them, all are fluent in English, with 4 experts proficient
in Chinese and 1 proficient in Spanish. Each response generated
by the LLMs was evaluated by at least 2 experts to ensure a
comprehensive assessment, except for the Spanish translation
task, which was evaluated by a single expert. The panel
conducted several Zoom meetings: the initial meeting provided
training on content evaluation, and 3 additional meetings were
held to discuss the results and feedback. Each expert was
assigned 10 topics to evaluate and was required to provide
feedback on the errors committed by the LLMs. These experts
critically reviewed and annotated the LLM-generated content
using a web-based Cohort Adjudication and Data Annotation
(CADA) application [34] (Figure 1) developed by our team.

Figure 1. A screenshot of Cohort Adjudication and Data Annotation application.

Data Sources
Our primary sources for content generation were cancer
survivors and caregiver education materials from the National
Cancer Institute and the National Comprehensive Cancer
Network guidelines [46,47]. We selected 30 distinct topics
covering a range of content such as fatigue, depression, anxiety,

pain, cognitive impairment, nutrition, physical activity, healthy
lifestyle, family communication, coping skills, and more. The
selection of topics was informed by insights from our previous
qualitative interviews with cancer survivors and their caregivers
[48] and an extensive review of the literature [49-51]. We
identified the key areas of interest and specific needs of cancer
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survivors and their caregivers with limited health literacy or
language barriers, resulting in these 30 topics.

Appraisal Criteria
Based on a previous study of evaluating responses from LLMs
[34], we formulated a set of multidimensional criteria to
thoroughly assess the performance of LLMs, which include
adherence to a word limit of 250 words, achieving a reading
level as per the FKG of below 6, and quality assessment: (1)
clarity (ie, ease of understanding in the response); (2) accuracy
(ie, the response does not contain errors, like medical or
language errors, that could negatively impact patients and their
caregivers); (3) relevance (ie, the response is fully grounded in
the materials we provided); (4) completeness (ie, the response
encompasses all critical points from the materials); (5)
comprehensibility (ie, the response is understandable that readers
can apply it to their daily routine).

In terms of word limit, “yes” refers to a word limit within 250
words, and “no” refers to a word limit of more than 250 words.
The reading level was evaluated using “yes” for an FKG level
≤6; “partial” for an FKG level of 6 to ≤8; and “no” for an FKG
level >8). The FKG level was calculated by the Python package
Textstat (version 0.7.3, Azu). For the quality assessment criteria,
we implemented a scoring system in which evaluations were
quantified based on their alignment with the expected outcomes.
A score of 2 was assigned for “yes” evaluations, indicating full
compliance; a score of 1 was given for “partial” evaluations,
reflecting partial compliance; and a score of 0 was allocated for
“no” evaluations, indicating noncompliance. The quality
assessment included 5 criteria (1-5), each contributing a
maximum of 2 points, for a total possible score of 10. The
overall quality assessment ranged from 0 to 10, with 0
representing the absence or lowest quality and 10 indicating the
highest quality. For translation tasks, “yes” indicates a
completely accurate translation, “partially” refers to a generally
correct and understandable translation with minor errors, and
“no” refers to a completely inaccurate translation containing
incorrect or misleading information. Accuracy scores are
calculated as the proportion of evaluations labeled as “yes.”

Data Analysis
Descriptive analyses were conducted to determine the
frequencies, percentages (for word limit, reading levels, and
translations), mean and SDs (for quality scores) of major
variables. Quality scores were determined by calculating the
mean scores for each criterion and then obtaining the overall
scores through their summation. To compare the differences in
each model or prompt, we used ANOVA or chi-square tests, as
applicable. Values of P<.05 were considered to indicate a
significant level. All analyses were conducted using Python
statistical packages.

Ethical Considerations
The study protocol (STUDY00004750) was approved with
exemptions by the institutional review board at Emory
University. Oral consent was obtained from 9 oncology experts,
as no protected health information was collected. All participants
were informed of the voluntary nature of their participation and
their right to withdraw at any time without consequence. No
protected health information or personally identifiable
information was collected, and all research data were
anonymized to maintain confidentiality. Study materials were
securely stored and accessible only to authorized research team
members. Participants did not receive any monetary or
nonmonetary compensation for their involvement. The study
was conducted in accordance with the US Common Rule (45
CFR 46) [52].

Results

Overall Performance of Large Language Models
In this study, 360 annotation values were collected from 9
experts. Overall, LLMs have shown excellent performance in
tailoring content based on our criteria. For word limit, 267/360
responses (74.2%) were within the word limit (less than 250
words) set for the task. The result indicates the excellent ability
of LLMs to produce responses that adhere to specified word
limit requirements. Regarding reading levels, LLMs
demonstrated moderate performance, with 105/360 responses
(29.2%) fully meeting the specified FKG level (FKG level ≤6),
107/360 (29.7%) being partially satisfactory (FKG level of
6‐8), and 148/360 (41.1%) not aligning with the provided
FKG level (FKG level >8).

LLMs demonstrated consistently high average scores across all
quality criteria (total score: 8.933 out of 10). The highest average
score achieved was 1.91 on relevance, highlighting the LLMs’
ability to generate content that was highly pertinent to the given
prompts. The lowest average score observed was 1.58 out of 2
in the category of completeness, indicating a moderate adherence
to providing responses that capture all key points. In the
translation tasks, the LLMs demonstrated high performance,
with 87/90 accuracy translations (88%) for Spanish and 73/90
(81%) for Chinese translation.

Three Generative Pretrained Transformer Models
Comparisons: GPT-3.5 Turbo, GPT-4, and GPT-4
Turbo
GPT-4 demonstrated a superior capability in adhering to the
specified word limit, with 101/120 responses (84.2%) falling
within 250 words (Table 1). In contrast, GPT-3.5 Turbo and
GPT-4 Turbo exhibited a relatively lower proficiency, with
86/120 (71.7%) and 80/120 (66.7%) responses meeting the word
limit, respectively. As shown in Table 2, when comparing the
models based on word limit, the chi-square test demonstrated
a significant difference among the three models (P=.006).
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Table . Performance of all models and prompts on the summarization task.

GPT-4 turbobcGPT-4bcGPTa-3.5 Turbobc

Bullet pointsTextual for-
mat

TotalBullet pointsTextual for-
mat

TotalBullet pointsTextual for-
mat

Total

81.7 (49/60)51.7 (31/60)66.7
(80/120)

76.7 (46/60)91.7 (55/60)84.2
(101/120)

96.7 (58/60)46.7 (28/60)71.7
(86/120)

Word limit,
%

31.7 (19/60)53.3 (32/60)42.5
(51/120)

21.7 (13/60)21.7 (13/60)21.7
(26/120)

28.3 (17/60)18.3 (11/60)23.3
(28/120)

Reading lev-
el, %

1.767
(0.563)

1.8 (0.48)1.783
(0.522)

1.733
(0.634)

1.8 (0.48)1.767
(0.561)

1.783 (0.49)1.767 (0.5)1.775
(0.493)

Accuracy,
mean (SD)

1.717 (0.49)1.883
(0.324)

1.8 (0.422)1.8 (0.403)1.867
(0.389)

1.833
(0.396)

1.75 (0.474)1.833
(0.418)

1.792
(0.447)

Clarity,
mean (SD)

1.95 (0.22)1.9 (0.303)1.925
(0.264)

1.967
(0.181)

1.883
(0.372)

1.925
(0.295)

1.9 (0.303)1.883
(0.415)

1.892
(0.362)

Relevance,
mean (SD)

1.65 (0.547)1.583
(0.619)

1.617
(0.582)

1.667
(0.601)

1.483
(0.624)

1.575
(0.617)

1.583
(0.645)

1.533
(0.623)

1.558
(0.632)

Complete-
ness, mean
(SD)

1.817 (0.39)1.9 (0.303)1.858 (0.35)1.9 ( 0.303)1.883
(0.324)

1.892
(0.312)

1.8 (0.403)1.817
(0.469)

1.808
(0.436)

Comprehen-
sibility,
mean (SD)

8.9 (1.298)9.067
(1.087)

8.983
(1.195)

9.067 (1.26)8.917
(1.239)

8.992
(1.247)

8.817
(1.546)

8.833
(1.748)

8.825
(1.643)

Total score,
mean (SD)

a GPT: Generative Pretrained Transformer.
b The performance (%) of GPT-3.5 Turbo was 93.3% (28/30), GPT-4 was 96.7% (29/30), and GPT-4 Turbo was 100% (30/30) for the Spanish translation.
The overall performance (%) of the three GPT models in Spanish translation was 96.7% (87/90).
c The performance (%) of GPT-3.5 Turbo was 76.7% (23/30), GPT-4 was 86.7% (26/30), and GPT-4 Turbo was 80% (24/30) for the Chinese translation.
The overall performance (%) of the three GPT models in Chinese translation was 81.1% (73/90).
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Table . Statistical analysis results from analysis of variance and chi-square tests.

Chi-square (df)PR(>F)aGroup and criterion

Models

—b (2)0.97    Accuracy

— (2)0.721    Clarity

— (2)0.63    Relevance

— (2)0.748    Completeness

— (2)0.215    Comprehensibility

— (16)0.572    Total score

10.178 (2)0.006    Word limit

35.468 (4)<0.001    Reading level

2.069 (2)0.355    Spanish translation

1.015 (2)0.602    Chinese translation

1.463 (2)0.481    Translation

Prompts

— (2)0.213    Accuracy

— (2)0.028    Clarity

— (2)0.177    Relevance

— (2)0.154    Completeness

— (2)0.149    Comprehensibility

— (8)0.939    Total score

a PR(>F): probability that the F-statistic is greater than the observed value under the null hypothesis.
b —: not applicable.

Regarding the assessment of reading level, GPT-4 Turbo met
the required FKG level of 6 in 51/120 (42.5%) cases, nearly
doubling the performance of the other 2 models: 26/120 (21.7%)
for GPT-4 and 28/120 (23.3%) for GPT-3.5 Turbo. The result
indicated significant discrepancies among the models in
adherence to the specified reading level (P<.001), with GPT-4
Turbo performing better compared with the other 2 models.

In terms of quality assessment, each of the LLMs attained a
high score exceeding 8.8 out of 10, with GPT-4 and GPT-4
Turbo achieving 8.992 and 8.983, respectively, and GPT-3.5
Turbo trailing slightly at 8.825. Upon evaluation of each
criterion, the performance of all models was found to be similar

(Figure 2). The application of ANOVA tests to each criterion
revealed no significant differences among the 3 models (P=.57).

In the translation tasks, GPT-4 Turbo exhibited perfect accuracy
with a 30/30 (100%) success cases in Spanish translation,
whereas GPT-4 and GPT-3.5 Turbo exhibited slightly lower,
yet commendable success rates of 29/30 (97%) and 28/30 (93%),
respectively. For the Chinese translation task, GPT-4
outperformed the other models with an accuracy of 26/30 (87%).
In contrast, GPT-3.5 Turbo and GPT-4 Turbo achieved 23/30
(77%) and 24/30 (80%), respectively. The 3 models did not
show a significant difference in the translation task (P=.48).
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Figure 2. Assessment scores on each criterion between different models. GPT: Generative Pretrained Transformer.

Two Different Prompt Comparisons: Textual and
Bulleted Formats
We compared 2 prompting methods in terms of word limits,
reading level, and quality assessment. The major difference
noted in the comparison of the 2 prompts was that responses
generated from prompt 2 (bulleted format) were superior in
adhering to the target word limit. Specifically, 153/180
responses (85%) from prompt 2 successfully achieved the word
limit, in contrast to 114/180 responses (63.3%) from prompt 1

(textual format) that fully satisfied the word limit. Using prompt
1 resulted in only 56/180 responses (31.1%) meeting our desired
reading level, with a slight decrease to 49/180 (27.2%) for
prompt 2. For the 5 quality criteria, both prompts achieved high
scores (Figure 3). Upon performing an ANOVA test to assess
the differences in performance between the 2 prompts (Table
2), it was found that the variations between them were not
significant (P=.939). However, the 2 prompt formats
demonstrated a significant difference in the clarity criterion
(P=.03).

Figure 3. Assessment scores on each criterion between different prompts.
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Error Analysis
The errors that LLMs committed were categorized into

inaccurate scope, inaccurate definition, inaccurate expression,
meaningless points, and inaccurate word. Some examples are
shown in Table 3.

Table . Error cases and analysis.

ReasonError typeOutputTopicModel

The chapter only mentions
to limit red meat, not all ani-
mal-based foods (says it can
make up half or less of diet).

Inaccurate scope“It advises limiting animal-
based food, processed food,
and alcohol consumption.”

NutritionGPT-3.5 Turbo

The tailored content sounds
a little judgmental whereas
the original document says,
“probably still important”
and is less assuming.

Inaccurate expression“It is still important to
maintain intimacy with a
partner.”

Sexual Health Issues in Men
with Cancer

GPT-3.5 Turbo

Based on the English sen-
tence: " Drinking plenty of
liquids”, “liquids” can be
better translated into “水.”

Inaccurate word“多喝液体”RelaxationGPT-3.5 Turbo

It seems to define meditation
and mindfulness in one
overarching definition,
which only defines medita-
tion.

The model merged defini-

tions of MBSRa and MBCTb

together and did not include
difference between types.

Inaccurate definition“These practices involve fo-
cusing the mind on present
sensations, such as breath-
ing, a sound, or an image.”

MindfulnessGPT-4

Based on the English sen-
tence: “Support from the
community might be benefi-
cial during this difficult peri-
od. “, “difícil período”
should be “período difícil”

Inaccurate word“El apoyo de la comunidad
podréda ser beneficioso du-
rante este difícil período.”

Family CommunicationGPT-4

The customized content falls
short in terms of actionabili-
ty. The purpose of tailoring
content is to educate patients
and caregivers, rather than
expecting them to educate
themselves.

Meaningless point“Learning: Educating your-
self about cancer can empow-
er you to assist others. Re-
sources are available online,
by phone, and in print.”

Making a DifferenceGPT-4 Turbo

aMBSR: Mindfulness-based stress reduction.
bMBCT: Mindfulness-based cognitive therapy.

A common error observed with LLMs is their tendency to
integrate their own knowledge and interpretation rather than
adhering strictly to the provided materials, such as an inaccurate
scope. For instance, when the text specified “to limit red meat.”
in the Nutrition topic, GPT-3.5 Turbo inaccurately generalized
this advice to “limiting animal-based food.” This interpretation
is not entirely correct, as animal-based food encompasses more
than just red meat, including white meat such as chicken, which
the original material did not intend to restrict.

Other observed errors involve inaccurate expressions. For
instance, in the Sexual health issues in men with cancer topic,
the original content suggested, “It is probably still important to
maintain intimacy with a partner.” However, GPT-3.5 Turbo
revised this to “it is still important to maintain intimacy with a
partner.” This alteration results in a tone that may seem
judgmental, deviating from the original’s more tentative stance.

An example of inaccurate definition was identified within the
Mindfulness topic, where GPT-4 defined meditation and
mindfulness in one overarching definition for meditation. It also
merged definitions of mindfulness-based stress reduction and
mindfulness-based cognitive therapy without highlighting
differences between the mindfulness interventions.

LLMs may also include information that, while accurate, might
not be actionable for patients. For instance, in the Making a
difference topic, GPT-4 Turbo correctly sourced from the
material that “Learning: Educating yourself about cancer can
empower you to assist others. Resources are available online,
by phone, and in print.” However, this information becomes
less useful in the absence of specific links or directions that
could guide patients on where to start their education.

Finally, with respect to translation quality, the primary error
observed related to inaccurate word choice. In particular, when
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an English term offers multiple potential translations, LLMs
often encounter difficulty in selecting the most contextually
appropriate option. For example, in the Relaxation topic,
GPT-3.5 Turbo translated “多喝液体" as “drink more liquids.”
Although “液体" does literally translate to “liquids,” the more
natural and contextually appropriate term would be “水.”

Discussion

Principal Findings
To our knowledge, this is the first study to evaluate the
capability of LLMs in tailoring educational content for cancer
survivors and their caregivers with limited health literacy or
language barriers. In our study, all 3 LLMs have demonstrated
overall excellent performance in most criteria. The more
advanced GPT-4 family models showed better overall
performance compared with GPT-3.5 Turbo. GPT-4’s high
adherence to word limits and GPT-4 Turbo’s better compliance
to reading level compliance proved their ability to meet our
requirements when tailoring content. Prompting GPTs to
produce bulleted-format content is likely to result in better
educational content compared with textual-format content. All
models exhibit strong capability in generating highly relevant
content. However, they fall short in terms of completeness.
Overall, it is proven that LLMs are highly effective in tailoring,
condensing, and translating educational content for cancer
survivors and their caregivers with limited health literacy or
language barriers. These findings inform future versions of
LLMs to focus more on the reading level and completeness of
their output and the development of tailored intervention
materials for cancer survivors and their caregivers. These
promising results also indicate that LLMs can be a valuable tool
in making educational content more accessible and
comprehensible to diverse patient populations.

The capabilities of LLMs in text analysis have been well studied.
For example, our previous study [34] examined the potential
of LLMs to categorize clinical concepts from patient notes. Yet,
this study focused solely on the LLMs’ comprehension of
patients’ conditions from clinical notes rather than educational
content. Study by Veen et al [53] assessed approaches for LLMs
to summarize clinical texts. Although it demonstrated overall
preferred performance, especially GPT-4, over human experts,
the study was limited to the summarization of radiology report
findings and confined to 3 attributes: completeness, correctness,
and conciseness, whereas our study expanded on this topic by
evaluating LLMs against 7 distinct criteria. Furthermore, none
of the existing studies focus on education regarding supportive
care in cancer, whereas our innovative findings make a
significant contribution to the literature in this field.

Despite the excellence of LLMs in adhering to specified word
limits and generating high-quality content, several challenges
remain. One notable area where LLMs struggle is in adjusting
the reading level of the content to accommodate patients from
various educational levels. The content tailored by LLMs often
does not meet the intended FKG level. This oversight implies
that some individuals might find the content overly complex,
potentially hindering their understanding of health information
and educational content [54,55]. Addressing this challenge is

essential for maximizing the applicability of LLMs and ensuring
that all cancer survivors receive the support they need to manage
their cancer effectively. In future work, in-context learning
could be used to offer more detailed guidance to LLMs, focusing
on the potential vocabularies frequently appeared in content
exceeding the specified FKG level of 6. In addition,
retrieval-augmented generation could be implemented to embed
vocabularies aligned with an FKG level of 6, thereby enhancing
the model’s performance.

It is also observed that the accuracy of Spanish translations is
significantly higher than that of Chinese translations. This
finding is expected, given the abundance of Spanish content
available on the internet compared with Chinese content that
can serve as training materials. Previous studies [56,57] have
shown that LLMs’ performance in different languages has a
clear correlation with the proportion of each language in the
pretraining corpus. Without fine-tuning, LLMs have a much
higher performance in high-resource languages like German,
French, and Spanish, and a significantly lower performance in
low-resource languages like Kannada, Occitan, and Western
Frisian [56,57]. In future work, integrating high-quality bilingual
medical corpora that includes parallel texts of patient education
materials, clinical guidelines, and culturally tailored health
information could be a promising approach. Fine-tuning LLMs
on such specialized corpora may provide them with
domain-specific vocabulary and context, thereby increasing
their ability to produce accurate, culturally sensitive translations.

The educational content errors could be detrimental to cancer
survivors and their caregivers by providing false physical
activity, diet, or medication suggestions. Therefore, content
produced by LLMs should undergo thorough evaluation and
validation before the content is used in a clinical setting
[38,58,59]. Our analysis has identified multiple errors in the
outputs from LLMs, including inaccuracies in scope, expression,
and definition. These types of errors can lead to the
dissemination of misinformation, potentially causing harm to
patients [60]. Therefore, such inaccuracies must be identified,
analyzed, and rectified to prevent any negative impacts on
patient care. Our study also detected some meaningless points
that were not actionable in LLMs’outputs, which could increase
the reading burden on patients and their caregivers.
Recommendations should highlight actionable information for
cancer survivors and their caregivers to reduce the burden of
reading educational content, emphasizing the need for LLMs
to prioritize the use and applicability of the information they
present. In addition, education content should be evaluated and
validated by content experts before the it is available to cancer
survivors and their caregivers.

In addition, both Xiao et al’s and Asthana et al’s studies [36,37]
evaluated the performance of fine-tuned LLMs in nonclinical
environments. Their results highlighted the significant potential
of LLMs in summarizing general text through the adoption of
advanced fine-tuning techniques. It is possible that fine-tuning
could further improve LLMs’ capacity to analyze educational
content specifically tailored for groups such as cancer survivors
and their caregivers with limited health literacy or language
barriers. With this additional data, more advanced fine-tuning
techniques such as instruction tuning [57,61,62] and
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parameter-efficient fine-tuning [63] can be implemented, and
are likely to further enhance the performance.

Limitations
While the study has shown promising results, it has several
limitations. First, the dataset size remains relatively small, which
could restrict the generalizability of the findings to broader
topics. Second, we lacked participant assessment. Relying solely
on oncology experts to evaluate the outputs from LLMs might
create obstacles when applying these findings to actual cancer
patients and their caregivers. While our oncology experts deeply
value caring for disadvantaged populations with limited health
literacy or language barriers, it’s important to note that they are
highly educated and might have unintentional biases. This could
make it challenging for them to view educational content from
the perspective of individuals with low health education and
literacy. Therefore, future studies can be broadened to include
a wider range of educational topics and additional annotations
from cancer patients and their caregivers. Third, this study was
limited to zero-shot learning because of the lack of training data.
It could be expanded by collecting tailored content from human
experts to serve as training data to incorporate few-shot learning
and fine-tuning techniques. In addition, chain-of-thought
reasoning and in-context learning also present promising
avenues for future exploration, particularly because they do not
rely on additional training data. Finally, due to a limited number

of annotators from diverse backgrounds, our study was only
able to evaluate translations in 2 languages. Our analysis
suggests that translation performance can vary between
languages, influenced by the availability of content in each
language. It is important to note that these findings may not be
generalizable to languages spoken by smaller populations, where
content availability and linguistic nuances could further affect
translation accuracy. In future research, more extensive
evaluations of translation tasks involving other languages,
especially low-resource languages, should be conducted to
expand the applicability.

Conclusions
The study highlights the application of LLMs in cancer care
while being cognizant of their potential limitations. All 3 LLMs
have demonstrated overall high capability in tailoring
educational content for cancer survivors and their caregivers
with limited health literacy or language barriers. GPT-4 family
models showed better overall performance compared with
GPT-3.5 Turbo. Prompting GPTs to produce bulleted-format
content can generate better educational content. The findings
from this study inform the intervention development and
implementation in cancer symptom management and health
equity. Additional studies are warranted to expedite the
integration of AI-driven solutions into clinical settings.
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Abstract

Background: Patients with cancer frequently encounter complex treatment pathways, often characterized by challenges with
coordinating and scheduling appointments at various specialty services and locations. Identifying patients who might benefit
from scheduling and social support from community health workers or patient navigators is largely determined on a case-by-case
basis and is resource intensive.

Objective: This study aims to propose a novel algorithm to use scheduling data to identify complex scheduling patterns among
patients with transportation and housing needs.

Methods: We present a novel algorithm to calculate scheduling complexity from patient scheduling data. We define patient
scheduling complexity as an aggregation of sequence, resolution, and facility components. Schedule sequence complexity is the
degree to which appointments are scheduled and arrived to in a nonchronological order. Resolution complexity is the degree of
no shows or canceled appointments. Location complexity reflects the proportion of appointment dates at 2 or more different
locations. Schedule complexity captures deviations from chronological order, unresolved appointments, and coordination across
multiple locations. We apply the scheduling complexity algorithm to scheduling data from 38 patients with breast cancer enrolled
in a 6-month comorbidity management intervention at an urban hospital in the Washington, DC area that serves low-income
patients. We compare the scheduling complexity metric with count-based metrics: arrived ratio, rescheduled ratio, canceled ratio,
and no-show ratio. We defined an aggregate count-based adjustment metric as the harmonic mean of rescheduled ratio, canceled
ratio, and no-show ratio. A low count-based adjustment metric would indicate that a patient has fewer disruptions or changes in
their appointment scheduling.

Results: The patients had a median of 88 unique appointments (IQR 60.3), 62 arrived appointments (IQR 47.8), 13 rescheduled
appointments (IQR 13.5), 9 canceled appointments (IQR 10), and 1.5 missed appointments (IQR 5). There was no statistically

significant difference in count-based adjustments and scheduling complexity bins (χ2
4=6.296, P=.18). In total, 5 patients exhibited

high scheduling complexity with low count-based adjustments. A total of 2 patients exhibited high count-based adjustments with
low scheduling complexity. Out of the 15 patients that indicated transportation or housing insecurity issues in conversations with
community health workers, 86.7% (13/15) patients were identified as medium or high scheduling complexity while 60% (9/15)
were identified as medium or high count-based adjustments.

Conclusions: Scheduling complexity identifies patients with complex but nonchronological scheduling behaviors who would
be missed by traditional count-based metrics. This study shows a potential link between transportation and housing needs with
schedule complexity. Scheduling complexity can complement count-based metrics when identifying patients who might need
additional care coordination support especially as it relates to transportation and housing needs.

Trial Registration: ClinicalTrials.gov NCT04836221; https://clinicaltrials.gov/study/NCT04836221

(JMIR Cancer 2025;11:e57715)   doi:10.2196/57715

KEYWORDS

patient scheduling; scheduling complexities; temporal data mining; dataset; breast cancer; social determinant of health; oncology;
metastasis; cancer patient; social support; community health worker; housing need; care; transportation; algorithm
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Introduction

Background
Patients with cancer frequently encounter complex treatment
pathways, often characterized by challenges with coordinating
and scheduling appointments at various specialty services and
locations [1-3]. Previous studies have shown that the burden of
scheduling and attending visits across multiple providers and
specialties not only burdens patients, but also has ripple effects
on families, work, and personal lives [4-6]. In a qualitative study
with patients with metastatic breast cancer, patients pointed to
the need for someone to coordinate appointments and a need
for managing work-related barriers to attending appointments
[7]. Furthermore, scheduling complexities do not fall on all
patients equally. Patients facing social inequalities, such as
unequal access to transportation, housing, and social support,
face additional complexities in their cancer care appointments.
For instance, patients with cancer without insurance, indicating
financial vulnerability, are at high risk of no-show appointments
[8,9]. A recent review illustrates that most research on
multiappointment scheduling problems in oncology focus on
solutions using metaheuristics and multiagent methods to ensure
appointment adherence [2]. However, if scheduling complexities
reflect underlying socioeconomic barriers, such solutions may
not solve the structural issues.

To address structural access challenges around scheduling
appointments, some health care institutions employ individuals
such as community health workers (CHWs) or patient
navigators, who play a pivotal role in guiding patients with
cancer through their care journey by offering support for
nonmedical needs [10]. CHWs and patient navigators have a
wide variety of skills and can provide critical assistance
coordinating appointment scheduling and overcoming barriers
to attending care [4,11,12]. Patients who might benefit from
this additional assistance are largely identified manually by
CHWs or by care providers aware of possible challenges and
social needs [13], or some clinics may assign all patients to
CHWs to screen, a resource intensive process [14-16].
Workflows reliant on staff to identify those who might benefit
the most from navigation can be time-consuming and
resource-intensive, making it difficult to comprehensively
identify patients in need of assistance. While ideally all patients
would be offered navigation services, in light of staffing
shortages and overall limited patient navigation resources, many
institutions may be limited in who they can provide extra
supportive services to [17]. A data-driven solution that alleviates
burden from support staff (ie, reviewing charts to identify patient
needs) or relying on clinician referrals would be ideal to
effectively and efficiently allocate limited CHW and patient
navigator resources.

Potential of Scheduling Data
A potential way to identify patients with unmet transportation
or housing needs is to use scheduling data to examine who is
experiencing high scheduling complexities. Scheduling data for
most cancer care is electronic, providing detailed data about
when appointments are scheduled, cancelled, rescheduled, or
no shows. This data is automatically recorded, and thus could

be used to identify patients who are struggling to manage the
complexity of cancer care. In past research, appointment data
has primarily been used to optimize appointment scheduling
for patient satisfaction and resource allocation [18-21]. Analyses
tend to focus on developing and testing scheduling methods to
best balance patient satisfaction (eg, wait times) with clinic
resources. For example, using model simulations to optimize
the scheduling of oncology visits and chemotherapy treatments
[19], or optimizing scheduling rules based on chemotherapy
infusion [21]. Other research using scheduling data examines
the efficiency of appointment self-scheduling processes [22],
optimizing scheduling for cost savings [20], and identifying
ways to reduce wait times for patients [18]. A study designed
an algorithm that used appointment data to identify patients’
primary care physician [23]. However, to our knowledge,
researchers have yet to design tools for analyzing scheduling
data to identify patients with possible unmet transportation or
housing needs during their cancer care.

Contributions
Our study used existing scheduling data to identify patients with
complex scheduling patterns which may reflect unmet social
needs in transportation and housing. We introduce a novel
algorithm to calculate scheduling complexity from scheduling
data using a sample of patients with breast cancer with initiating
cancer treatment from a larger parent study intervening on
comorbidity management [24]. Scheduling complexity is an
aggregation of sequence, resolution, and facility components.
Each component is motivated by the characteristics of
scheduling data, an appointment’s anatomy, and possible
outcomes. The scheduling complexity algorithm is then applied
to the scheduling data of 38 patients with breast cancer as a case
example. The resulting scheduling complexities are compared
with count-based metrics and call notes between CHWs and
patients to identify unmet transportation or housing needs.

Methods

Anatomy of an Appointment
Every appointment has a unique appointment identification
(AID) and is scheduled on a specific date and time and
scheduled for a specific date, time, and location. An appointment
is scheduled for a specific visit reason and is associated with
the corresponding visit identification (VID). Typically, 1 date
will have 1 appointment scheduled with 1 associated VID,
Figure 1 (top). Figure 1 is an illustration of AID and VID
possible scenarios. Sometimes there can be multiple
appointments with different VIDs scheduled for the same date.
This is illustrated in an example patient schedule in Table 1. A
magnetic resonance imaging (MRI) and mammogram are both
scheduled for January 15, 2023. The MRI and mammogram
appointments have different AIDs (AID-5 and AID-6
respectively) and VIDs (VID-4 and VID-5 respectively) because
they have different reasons for visit and will be at different
locations, 1 on the ground floor and 1 on the second floor of
the hospital. There can also be multiple AIDs for different dates
associated with the same visit reason and at the same location,
VID, Figure 1 (bottom). A common example of this pattern is
for daily treatments as illustrated in Table 1. There are 4
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appointments for the same treatment at the same location with
the same VID (VID-7) but with different AIDs (AID-9, AID-10,

AID-11, and AID-12). All the AIDs are for the same treatment
and at the same location and would have the same VID.

Figure 1. Illustration of appointment ID (AID) and visit ID (VID) possible scenarios.
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Table . Example individual patient scheduling temporal pattern.

Arrived onRescheduled
on

Cancelled onScheduled forScheduled onLocationReason for
visit

AIDbVIDa

1/5/2023——d1/5/20231/1/2023Hospital A -

2nd FLc
New consultAID-1VID-1

——1/17/20232/1/20231/1/2023Hospital B -
Ground

Colon screen-
ing

AID-2

1/10/2023——1/10/20231/3/2023Hospital B -
Ground

Skin checkAID-3VID-2

1/20/2023——1/20/20231/5/2023Hospital A -
Ground

Echocardio-
gram

AID-4VID-3

1/15/2023——1/15/20231/10/2023Hospital A -
Ground

C50.912 MRIeAID-5VID-4

1/15/2023——1/15/20231/15/2023Hospital A -
2nd FL

LFf breast
mass - mam-
mo

AID-6VID-5

—2/10/2023—2/20/20232/1/2023Hospital A -
2nd FL

Follow upAID-7VID-6

2/25/2023——2/25/20232/10/2023Hospital A -
2nd FL

Follow upAID-8VID-6

4/5/2023——4/5/20234/1/2023Infusion cen-
ter - 2nd FL

TreatmentAID-9VID-7

4/6/2023——4/6/20234/1/2023Infusion cen-
ter - 2nd FL

TreatmentAID-10VID-7

4/7/2023——4/7/20234/1/2023Infusion cen-
ter - 2nd FL

TreatmentAID-11VID-7

4/8/2023——4/8/20234/1/2023Infusion cen-
ter - 2nd FL

TreatmentAID-12VID-7

aVID: visit identification.
bAID:appointment identification.
cFL: floor.
dNot available.
eMRI: magnetic resonance imaging.
fLF: left.

Appointment Action Outcomes
There are 4 possible action outcomes for an appointment:
arrived, rescheduled, canceled, or no show as illustrated in
Figure 2. Figure 2 illustrates 4 possible action outcomes for an
appointment. Arrived occurs when the patient arrives on the
scheduled appointment date. Rescheduled occurs when the
appointment needs to be rescheduled for another date. This can
be due to multiple reasons, such as patient’s preference, medical
necessity, financial or transportation issues, circumstances or

system related factors, such as being bumped, unresolved
insurance authorization, etc. Rescheduling an appointment will
result in a new AID. An appointment can also be canceled by
the patient or the hospital. For example, a provider could be
unavailable due to illness or a scheduling conflict. Similarly,
canceled appointments can be caused by a variety of patient or
hospital system reasons. Finally, no show occurs when a patient
doesn’t arrive to an appointment and does not cancel the
appointment.
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Figure 2. The 4 possible action outcomes for an appointment. AID: appointment ID.

Sources for Scheduling Complexities

Sequence Complexity: Appointment Ordering Sequence
We define schedule sequence complexity as the degree to which
appointments are scheduled and arrived to in a nonchronological
order. While there are several ways to define temporal
complexities, we choose a queuing approach as it most closely
aligns with patient scheduling experience [25,26]. As such
schedules with low sequence complexity are those where
appointments are scheduled and arrived in chronical order. This
follows the general queuing rule of first in-first out:
appointments scheduled first are arrived to first which minimizes
the number of outstanding appointments at any given time.
Schedules with more sequence complexity are those where
appointments are scheduled and arrived to in a nonchronological
order. Using the illustration in Table 1, AID-1 and AID-3 are
examples of appointments scheduled and arrived in chronical
order. AID-1 is scheduled before AID-3 and AID-1 is arrived
to before AID-3. AID-4 and AID-5 are examples of
appointments scheduled and arrived in nonchronological order.
AID-4 is scheduled before AID-5 but the patient arrived to
AID-5 before AID-4. This complexity can be caused by many
factors such as appointments scheduled for the far future,
canceling and rescheduling of appointments, or emergent
appointments. These factors can increase schedule challenges
both for the patient and scheduling systems.

Resolution Complexity: Unresolved Appointments
No shows or canceled appointments without rescheduling or
reason can increase scheduling complexity in a patient’s care.
Missing appointments leads to increase patient risk for cancer
recurrence and mortality [27,28], and inefficiency for the health
care system including lost revenue [29-31]. These unresolved
appointments have no resolution, leaving uncertainty about
potential delays in treatment and care. However, there are
sometimes canceled appointments because of changes in
treatment plans or no shows that are resolved through another
action. Actions for these resolved appointments often co-occur
with action dates for arrived or rescheduled appointments.
Hence, we define resolution complexity as the number of no
shows or canceled appointments on dates that do not co-occur
with other action dates divided by the total number of no shows
or canceled appointments.

Location Complexity: Appointments at Multiple Facilities
Having care at multiple facilities or locations can also increase
scheduling complexities as this usually means more coordination
and travel between facilities. Intuitively, a schedule with lower
location complexity will have fewer facilities for care on the
same day. A schedule with higher location complexity will more
often require the patient to attend different facilities for care on
the same day. Location complexity is calculated as the number
of arrived dates involving 2 or more different locations divided
by the total number of arrived dates.
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Calculating Scheduling Complexity
The algorithm for calculating a schedule’s scheduling
complexity is described below (Textbox 1) . First, schedule data
is separated into arrived and not arrived appointments,
“ARRIVED” and “NONARRIVED” respectively. ARRIVED
appointments are aggregated at the date level. For each AID in
ARRIVED, if there exist other AIDs with scheduled on dates
preceding the current AID’s scheduled on date and these
subsequent appointments were attended after the current AID’s
date, then the count of out-of-order occurrences is increased.
Sequence complexity is calculated as the ratio of out-of-order
counts to the total count of distinct arrived dates in ARRIVED.

Next, for each AID in the NONARRIVED group, an action date
is determined, representing the date when an appointment was
either canceled, bumped, or scheduled but resulted in a no-show.
If this action date does not appear in the dataset of ARRIVED
appointments, then the count of unresolved cases is increased
by 1. Resolution complexity is then computed as the ratio of
unresolved counts to the total count of AIDs within the
NONARRIVED group. Location complexity is calculated as
the number of arrived dates in ARRIVED involving 2 or most
different locations divided by the total number of arrived dates
in ARRIVED. Finally, a composite metric scheduling
complexity is the harmonic mean of sequence complexity,
resolution complexity, and location complexity.

Textbox 1. ALGORITHM: Deriving scheduling complexity

ARRIVED, NONARRIVED ← Separate data into arrived and not arrived appointments

For each AID in ARRIVED:

If there are other AID date that was made before current AID date and arrived to after current AID date

Out of order count += 1

sequence complexity = out of order count / total count of unique arrived to dates in ARRIVED

For each AID in NONARRIVED:

Action date = canceled or bumped date or scheduled date for no-show

If Action date not in Arrived_data:

unresolved += 1

resolution complexity = unresolved count / total count of nonArrived AIDs

For each arrived date with multiple AIDs in ARRIVED

If AIDs are at different locations:

Location count += 1

location complexity = location count / total number of arrived dates with multiple AIDs in ARRIVED

scheduling complexity = 3 / (1/sequence complexity + 1/resolution complexity + 1/facility complexity)

Case Example and Study Background
To evaluate the use of scheduling complexity, we calculated
the scheduling complexity for 38 patients with breast cancer
who had hypertension or diabetes, as part of a larger health
disparities project to support Black patients with cancer with
comorbidities by mobile health and CHW support [24]. The 38
patients with breast cancer were enrolled in a 6-month
comorbidity management intervention at an urban hospital in
the Washington, DC area that serves low-income patients. This
data was collected through the parent study whereby Black
patients with breast and prostate cancer were recruited for a
6-month comorbidity management intervention. For tthis
analysis, we focused on the association between scheduling
patterns and social needs. Given significant differences in course
of treatment by cancer site and time since diagnosis we limited
the sample to those who had a diagnosis of breast cancer, all of
whom had been diagnosed within the previous year. We further
limited the sample to the 38 patients with breast cancer whom
we had reliable appointment level data. The women in our
sample were from an urban hospital in the Washington, DC
area that primarily serves low-income patients. Black women
with breast cancer in the DC area are a high priority sample,

due to the increased mortality rate relative to White women
[32].

CHW Call Logs
In addition, as part of the parent study, we conducted a
qualitative context analysis of CHWs’call logs to identify social
needs that arose throughout the study [33]. We used a deductive
approach, first applying discrete categories from the health
system screening tool focused on domains of food insecurity,
housing instability, transportation, employment, financial strain,
and utilities. Additional needs that were documented but did
not fit into a predetermined category, such as access to wigs or
special bras, were added as new codes using an inductive
descriptive coding method to match social needs domain
described by the Social Interventions Research and Evaluation
Network (SIREN) [34].

Data Analysis
For this pilot evaluation, we use 1 year of scheduling data for
each patient starting from their date of diagnosis. Furthermore,
1 year of scheduling data was chosen because the majority of
patients completed curative treatment within the first year after
diagnosis. Sequence complexity, resolution complexity, location
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complexity, and scheduling complexity was calculated for each
patient separately. In addition, we calculated count-based
metrics: arrived ratio, rescheduled ratio, canceled ratio, and
no-show ratio. We define an aggregated count-based adjustment
metric as the harmonic mean of rescheduled ratio, canceled
ratio, and no-show ratio. Count-based adjustments and
scheduling complexities are stratified using quartiles and
compared. We stratify patients into high, medium, and low
complexities using the upper quartile, middle quartiles, or lower

quartiles respectively. We used χ2 test to compare our
scheduling complexity metric to count-based adjustments
because they are commonly used in first order analysis of
scheduling data. All analysis was done in Python (version 3.0;
Python Software Foundation).

Ethical Considerations
This research was approved by the Georgetown University
Institutional Review Board (STUDY00003543). This study was
registered with ClinicalTrials.gov (NCT04836221). Written
informed consent was obtained before conducting all study
procedures, which allowed for secondary analysis of participant
data without additional consent. A Health Insurance Portability
and Accountability Act waiver and access to medical record
data was included in the signed informed consent. All data
included in this manuscript are deidentified and reported in
aggregate. Data obtained through the study adhere to data
protection and institutional review board standards as determined

by the governing institution. Participants were compensated US
$50 at the completion of the study.

Results

Schedule Descriptives
A total of 38 female patients with breast cancer with an average
age of 67.1 (SD 8.5), from 3 referring oncology providers had
a median of 88 unique AID (IQR 60.3: first quartile [Q1]=59,
third quartile [Q3]=119.3), 62 arrived appointments (IQR 47.8:
Q1=38.7, Q3=86.5), 13 rescheduled appointments (IQR 13.5:
Q1=7.5, Q3=21), 9 canceled appointments (IQR 10.0: Q1=3,
Q3=13), and 1.5 missed appointments (IQR 5: Q1=0, Q3=5).
The median nonarrived ratio was 0.304 (IQR 0.161: Q1=0.233,
Q3=0.394). The median rescheduled ratio was 0.154 (IQR 0.080:
Q1=0.127, Q3=0.207). The median canceled ratio was 0.098
(IQR 0.081: Q1=0.046, Q3=0.127) and the median no-show
ratio was 0.019 (IQR 0.049: Q1=0, Q3=0.049). Figure 3 is a
summary boxplot of nonarrived, rescheduled, canceled, and
no-show ratios with nonarrived ratio being the largest. The
median sequence complexity was 0.200 (IQR 0.100: Q1=0.140,
Q3=0.240). Figure 4 is a summary boxplot of sequence,
resolution, location, and scheduling complexities with location
complexity being the largest. The median resolution complexity
was 0.372 (IQR 0.398: Q1=0.188, Q3=0.586). The median
location complexity was 0.464 (IQR 0.371: Q1=0.279,
Q3=0.650). Finally, the median scheduling complexity was
0.239 (IQR 0.173: Q1=0.156, Q3=0.329).
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Figure 3. Summary boxplots of nonarrived ratio, rescheduled ratio, canceled ratio, and no-show ratio.
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Figure 4. Summary boxplots of sequence complexity, resolution complexity, location complexity, and scheduling complexity.

Comparison of Count-Based Adjustments With
Scheduling Complexity
A total of 18 patients exhibited medium count-based
complexities, 10 patients exhibited high count-based
complexities, and 10 patients exhibited low count-based
complexities. Similarity, 18 patients exhibited medium
scheduling complexities, 10 patients exhibited high scheduling
complexities, and 10 patients exhibited low scheduling

complexities. There was no statistically significant difference
in count-based adjustments and scheduling complexity bins

(χ2
4=6.296, P=.18). Table 2 shows the count-based and

scheduling complexities were the same for 16 patients, 11 of
which had both medium scheduling and count-based
complexities. Furthermore, 5 patients exhibited high scheduling
complexity with low count-based adjustments and 2 patients
who exhibited high count-based adjustments with low
scheduling complexity.

Table . Correlation of scheduling and count-based complexities binned by low, medium, and high.

Count-based adjustmentsScheduling complexity

HighMediumLow

253Low

5112Medium

325High

In addition, Figure 5 gives examples of high scheduling
complexity and low count-based adjustments, high count-based
adjustments and low scheduling complexity, low scheduling
complexity and low count-based adjustments, and high
scheduling complexity and high count-based adjustments.
Patient A had both low count-based adjustments and low
scheduling complexity. Patient A’s schedule is a good example

of appointments following the first-in first-out pattern, that is
appointments scheduled first will be arrived to first. In addition,
Patient A only had 3 rescheduled appointments. Patient B had
high count-based adjustments but low scheduling complexity;
40% (8/20) of Patient B’s AID were rescheduling actions which
likely contributing to a high count-based adjustments. However,
Patient B had low scheduling complexity because these
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rescheduling actions occurred only on 2 separate days and
followed a first-in first-out sequence. Patient C had low
count-based adjustments and high scheduling complexity.
Although Patient C had few rescheduling actions (resulting in
a low count-based adjustments), her appointments were largely

scheduled and arrived to not in chronical order (resulting in a
high scheduling complexity). Patient D had both high
count-based adjustments and high scheduling complexity. In
addition to nonchronical ordering of action, Patient D had 2
canceled and 1 no-show appointment action outcomes.

Figure 5. Examples of high scheduling complexity and low count-based adjustments, high count-based adjustments and low scheduling complexity,
low scheduling complexity and low count-based adjustments, and high scheduling complexity and high count-based adjustments. AID: appointment
identification; VID: visit identification.
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Context From Call Logs: Transportation and Housing
Needs
A total of 15 patients specifically indicated transportation or
housing insecurity issues. Transportation concerns included
“legally blind and worried about metro access,” “[patient]
feeling unsafe on metro,” “transportation challenges to and from
appointments,” “extensive travel requirements,” “making
medical transportation rides,” and “needing transportation
assistance.” Housing concerns included “help with finding
affordable housing options,” concerns related to advocating for
tenant rights, home repair needs, “[patient] moving in with
relative for a few months to save money,” “having to find
temporary housing while home is being repaired,” “help finding

rental assistance programs.” Additional examples of identified
social needs included a demanding work schedule, complexities
with an eye surgery, and the additional responsibility of caring
for an ill mother. Scheduling complexity was more sensitive to
housing and transportation needs. 86.7% (13/15) of patients
specifically indicated transportation or housing insecurity issues
were identified as medium or high scheduling complexity
compared with 65.2% (15/23) of patients who did not
specifically indicate transportation or housing insecurity issues.
On the other hand, 60% (9/15) of patients specifically indicated
transportation or housing insecurity issues were identified as
high with count-based adjustments compared with 82.6%
(19/23) of patients who did not specifically indicate
transportation or housing insecurity issues Table 3.

Table . Percentage of patients with medium or high complexities by transportation or housing insecurity needs.

Did not indicate transportation or housing needs
(n=23), n (%)

Indicated transportation or housing needs (n=15),
n (%)

Complexity type

19 (82.6)9 (60)Count-based adjustments

15 (65.2)13 (86.7)Scheduling complexity

Discussion

Principal Findings
Scheduling complexity stratification provides a novel lens to
complement traditional count-based metrics for analyzing
scheduling data. The results show that scheduling complexity
can identify patients with complex but nonchronical scheduling
behaviors missed by traditional count-based metrics. In addition,
the study highlights that resolution and location complexity can
also serve as an indicator for additional care requirements.

Comparison With Previous Work
This study shows a potential link between transportation and
housing needs with schedule complexity. This study reinforces
previous research relating social risk factors and schedule
complexities [4,9]. Our results complement these findings as it
relates to transportation and housing needs and highlights the
potential use of the scheduling complexity algorithm to identify
patients who might benefit from additional CHW support.
Through earlier identification from CHWs, scheduling
complexity could help narrow inequities in cancer-care which
emerge from social needs. Future studies are needed to better
understand temporal sensitivity of this approach, or how quickly
in-need patients could be identified.

Support for CHW and Patient Navigators
By examining the temporal patterns of health care use, we gain
a more comprehensive view of patients’ experiences. Instead
of relying solely on infrequent screeners, scheduling complexity
can give CHWs and patient navigators a more “real-time” view
of patients who might require more support in managing their
health care journey, for example patients with changing,
complex, and distributed care and changes in living conditions
or social needs. In addition, scheduling complexity could also
be used to identify care plans that might involve more
complexity and preemptively identify patients that might need
more support. This data-driven approach can help complement

the often manual process for identifying patients who might
benefit from additional assistance, potentially affording CHWs
and patient navigators more time to directly care and help
patients [13]. Additional research is needed to evaluate the
utility of this algorithm in near “real-time” applications for
CHWs.

Limitations and Future Directions
There are several limitations to consider in this pilot work. First,
this research is constrained by its retrospective analysis design,
relying on historical data and records. Second, a naïve weighting
approach was taken in which sequence, resolution, and location
complexity are weighted equally in the algorithm. These
components might require different weights depending on
circumstances. For example, for cancer care at integrated cancer
centers, location complexity would probably be less important
than sequence and resolution complexities. Third, the study
exclusively focuses on the scheduling system of a single urban
cancer institute. As such, the results only reflect the central
tendencies given the specific conditions and scheduling pattern
characteristics of our patient cohort. The generalizability this
approach and interpretation of the metrics to other health care
systems and patient conditions will need to be explored. Fourth,
while this approach has provided insights, it does not fully
capture the entirety of factors that contribute to scheduling
intricacies, such as resource allocation, patient preferences, and
staff availability. Further validation is needed beyond this case
example, particularly with a larger patient sample to better
capture variations in the scheduling complexity data.
Nevertheless, this method could complement other approaches
such as patient and scheduler interviews. This work should also
be explored in a larger sample size to further explore our
hypotheses generated about scheduling complexity.

Conclusion
Patients facing complex health care journeys often experience
significant impacts on various aspects of their lives, including
family dynamics and work commitments. While there was no
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statistically significant difference in count-based adjustments
and scheduling complexity bins, we showed that scheduling
complexity can uniquely identify patients with complex and
nonchronical schedule behaviors. We highlight the potential

use of scheduling complexity in identifying patients who might
need care coordination support especially as it relates to
transportation and housing needs.
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Q1: first quartile
Q3: third quartile
VID: visit identification
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Abstract

Background: “Patient Voices” is a software developed to promote the systematic collection of electronic patient-reported
outcome measures (ePROMs) in routine oncology clinical practice.

Objective: This study aimed to assess compliance with and feasibility of the Patient Voices ePROM system and analyze
patient-related barriers in an Italian comprehensive cancer center.

Methods: Consecutive patients with cancer attending 3 outpatient clinics and 3 inpatient wards were screened for eligibility
(adults, native speakers, and being able to fill in the ePROMs) and enrolled in a quantitative and qualitative multimethod study.
Compliance, reasons for not administering the ePROMs, patients’ interaction needs, and patient-perceived System Usability Scale
(range 0-100) were collected; semistructured interviews were carried out in a subsample of patients.

Results: From June 2020 to September 2021, a total of 435 patients were screened, 421 (96.7%) were eligible, and 309 completed
the ePROMs (309/421, 73.4%; 95% CI 69.8%-77.5%; mean age 63.3, SD 13.7 years). Organization problems and patient refusal
were the main reasons for not administering the ePROMs (outpatients: 40/234, 17.1% and inpatients: 44/201, 21.9%). Help for
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tablet use was needed by 27.8% (47/169) of outpatients and 10.7% (15/140) of inpatients, while the support received for item
interpretation was similar in the 2 groups (outpatients: 36/169, 21.3% and inpatients: 26/140, 18.6%). Average System Usability
Scale scores indicated high usability in both groups (outpatients: mean 86.8, SD 15.8 and inpatients: mean 83.9, SD 18.8). Overall,
repeated measurement compliance was 76.9% (173/225; outpatients only). Interviewed patients showed positive attitudes toward
ePROMs. However, there are barriers to implementation related to the time and cognitive effort required to complete the
questionnaires. There is also skepticism about the usefulness of ePROMs in interactions with health care professionals.

Conclusions: This study provides useful information for future ePROM implementation strategies, aimed at effectively supporting
the routine clinical management and care of patients with cancer. In addition, these findings may be relevant to other organizations
willing to systematically collect PROMs or ePROMs in their clinical routines.

Trial Registration: ClinicalTrials.gov NCT03968718; https://clinicaltrials.gov/study/NCT03968718

(JMIR Cancer 2025;11:e56625)   doi:10.2196/56625

KEYWORDS

feasibility; oncology; patient-reported outcomes; PROMs; quality of life; mixed methods study; cancer; electronic patient-reported
outcomes; patient compliance; barrier; implementation; usability scale; semistructured interview; questionnaire; clinical
management; eHealth

Introduction

Patient-reported outcome measures (PROMs) are questionnaires
for the self-assessment of patients’ symptoms, well-being, and
functional status associated with their health condition, without
interpretation by a clinician or anyone else [1,2]. Well-validated
PROMs are considered the gold standard for the collection of
subjective health-related outcomes [3,4].

PROMs were initially developed to be used in research, but
interest has been growing in integrating them into cancer clinical
practice to facilitate personalized care management [5]. There
is now a wealth of evidence indicating that PROMs may
improve symptom control, communication, patient satisfaction,
quality of life, and overall survival. In addition, consistent use
of PROMs may contribute to reduce emergency room access
and hospitalization rates [6-11].

Despite the generally positive effects and favorable attitudes
reported by health care professionals (HCPs) [12-15], PROMs
are not systematically implemented in routine oncology practice
[16,17]. Potential facilitators to the routine use of PROMs have
been highlighted, such as automatic scoring, immediate
availability of above cut-off values, and time-trend visualization,
along with automatic triggers and recommendations for clinical
action. However, the barriers to PROM implementation act at
many levels [18-20]. At the HCP and service level, major
barriers include the workload associated with administering
questionnaires, the lack of clear guidelines and confidence in
routine use, difficulties in scoring and interpreting the results,
and integration of PROMs into clinical workflows [17,19].

Electronic PROMs (ePROMs) have been proposed [21] to
improve their applicability and acceptability by HCPs. Yet,
inadequate IT infrastructures and ePROM systems that are not
integrated with the electronic medical record (EMR) [22,23]
emerged as critical issues. Relevant among these is the need for
HCPs to connect to multiple systems, the increased risk of poor
care coordination, inefficiencies in activating clinical pathways
and referrals, and missed opportunities for care improvement
[18,24].

Patient-related barriers also hinder the use of PROMs and
include the negative perception of PROMs as time-consuming
and burdensome to complete, difficulties in using electronic
devices, lack of adequate explanations and support, and privacy
concerns [19,22].

The Patient Voices project started in 2018 at the Fondazione
IRCCS Istituto Nazionale dei Tumori (INT) in Milan (Italy),
with the purpose of promoting the systematic collection of
ePROMs in routine cancer care through a software system
integrated into the hospital EMR that has not yet been
implemented [25]. The system was designed in compliance with
recommendations provided by the European Society for Medical
Oncology clinical practice guideline on the role of PROMs in
the continuum of cancer care [26]. The aim of the project was
2-fold: on the one hand, to explore the technical viability and
the attitude of HCPs toward such an integrated ePROM system;
on the other hand, to test its workability in a pilot
implementation in routine oncology clinical practice in different
settings of the hospital. This study aims at reporting on the
assessment of compliance and feasibility of ePROM
implementation as well as identifying patient-related
implementation barriers.

Methods

Study Design
This study used a multimethod design based on concurrent
quantitative and qualitative data collection. The aim was to
increase the chances of getting varied and extensive research
findings on the feasibility of the systematic use of ePROMs.

Data were collected and analyzed from the following substudies:

• Quantitative longitudinal substudy A: ePROMs were used
for symptom screening and monitoring in patients with
cancer who attended 3 outpatient clinics at INT, that is,
palliative care, genitourinary oncology, and radiotherapy
clinics.

• Quantitative cross-sectional substudy B: ePROMs were
used to assess psychological distress among inpatients
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admitted to urological surgery, medical oncology, and
colorectal surgery wards.

• Qualitative feasibility substudy C: Semistructured
interviews were carried out with a subgroup of patients
involved in the previous quantitative substudies, with the
aim to explore in depth the patient-related barriers to
successful implementation.

More methodological details are reported elsewhere [25].

Patient Voices ePROM System
The Patient Voices ePROM system was developed in 2020 at
INT in collaboration with Politecnico of Milan (Italy). After a
predevelopment phase, running an ad hoc analysis of technical

and user requirements, the web-based application was integrated
with the INT information system, including the EMR, and runs
only under the hospital network. The system involves 4 kinds
of users [25]: the administrator, who operates through a
dedicated dashboard to authorize users to system access and to
download PROM data for reports and research; the data
collection coordinator (DCC), who registers patients and trains
them to use the system; the patient, who completes the assigned
questionnaires through a tablet provided by the hospital; and
the clinician, who has access to real-time textual and graphical
PROM data from the EMR.

Figure 1 shows sample screenshots from the Patient Voices
ePROM system for the different users (fictional data).

Figure 1. Screenshots from the Patient Voices electronic patient-reported outcome measure system for the different users. (A) Patients’ data registration
by the data collection coordinator. (B) Edmonton Symptom Assessment Scale questionnaire compilation by the patient. (C) Distress Thermometer
questionnaire compilation by the patient. (D) Visualization of Therapy Impact Questionnaire scores by the clinician.

Questionnaires (ePROMs)
The Patient Voices system was designed to allow for flexibility
in the choice of questionnaires to be administered to patients.
For the feasibility substudies A and B, the following
questionnaires could be electronically administered:

• Edmonton Symptom Assessment Scale (ESAS) [27]: It
requires the patient to rate a list of physical and
psychological symptoms on a 0-10 numerical scale and was
used in genitourinary cancer and radiotherapy clinics in
substudy A.

• Therapy Impact Questionnaire (TIQ) [28]: It includes
questions on physical symptoms (24 items), overall
well-being (1 item), functional and emotional status (3 and
4 items, respectively), as well as cognitive and relational

status (2 items each). The reference time is the previous
week, and responses are collected on verbal rating scales
(no or a little bit or quite a bit or very much). For this study,
TIQ was complemented with five 0-10 numerical rating
scales assessing pain intensity with different time referral.
As this implementation project aimed to meet the needs of
clinicians, the TIQ and the pain scales were chosen in place
of the ESAS in the palliative care outpatient clinic, as these
were the paper-and-pencil PROMs routinely used in that
ward.

• Distress Thermometer (DT) [29]: It is a single 0-10
numerical scale on which participants rate their level of
distress from any cause in the previous week. The DT is
supplemented by a 35-item problem list, which prompts
patients to identify their problems in practical,
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family-related, emotional, spiritual or religious, and physical
domains. Scores of 4 or higher suggest clinically significant
distress. The DT was used with inpatients involved in
substudy B.

All the above ePROMs are validated in the Italian language
[28,30-32].

Quantitative Substudies

Study Participants
Consecutive adult patients with cancer (aged ≥18 years)
attending one of the previously listed outpatient clinics and
inpatient wards during pre-established days in the enrollment
period (1 to 2 months for each ward or clinic) were potentially
eligible to be enrolled in substudies A and B. Patients with
inability to complete the questionnaires due to physical or
cognitive impairment, psychological disturbances, or nonnative
language issues were not eligible for the study. All participants
attended as volunteers and gave their written informed consent
to participate in the research.

Data Collection Procedures
A systematic screening of all patients attending inpatient wards
and outpatient clinics was performed by a dedicated research
nurse, who acted as the DCC. Reasons for not administering
ePROMs were collected and classified as patient related
(cognitive impairment, physical conditions, and language
issues), institution related (organizational problems and patient
already enrolled in another clinical trial), or patient refusal.
After the eligibility screening and informed consent collection,
the DCC provided basic training on how to use the tablet and
explained how to fill in the questionnaire. Patients involved in
substudy A filled in the ePROM at all subsequent visits during
the data collection period, while patients involved in substudy
B filled in the DT on admission only.

The DCC supported the patients while filling out the
questionnaire, recording whether and how often the patient
needed help in using the device or interpreting the questions.
A specific DCC “structured form” was used for collecting such
data, which were then analyzed using descriptive statistics. The
time needed to complete the questionnaire by each patient was
registered by the system.

After ePROM completion, patients were asked to fill in a
paper-based questionnaire on their educational level and
familiarity with electronic devices and internet use. Patients’
demographic and clinical data (sex, date of birth, tumor site,
year of cancer diagnosis, and visit or hospitalization reason)
were extracted from the institutional data warehouse. Data
collection was performed using REDCap (Research Electronic
Data Capture; Vanderbilt University) electronic case report
form [33,34]. Patients’ perception and usability of the Patient
Voices system were assessed, only for patients filling in the
questionnaire, by the System Usability Scale (SUS), a
standardized 10-item questionnaire with a final score ranging
from 0 to 100 with higher values indicating higher usability
[35].

Study End Points
The main end point of the study was compliance with the Patient
Voices system, defined as the percentage of eligible patients
completing the ePROMs assigned. Secondary end points were
the percentage of screened patients who received the ePROMs;
the average perceived system usability measured through SUS;
the proportion of patients asking for interaction with the DCC
to complete the tasks; the average time to fill in the
questionnaire; and the successful administration of the
questionnaire during subsequent visits (among patients attending
outpatient clinics, at least twice during the follow-up period in
substudy A).

Sample Size and Data Analysis
In the hypothesis that the compliance is 50% (hypothesis of
maximum variability and then maximum imprecision), a sample
size of 200 (in both in- and outpatient settings) allows the
estimation of a 95% CI for the percentage of compliance with
a precision (half-width) of 6.9% [36]. Basic descriptive statistics
were applied to characterize the study sample. Point and interval
estimates (95% CI) of proportion and averages described in the
study end points were calculated for the whole sample and by
inpatient ward or outpatient clinic. Cronbach α is used to
measure the internal consistency of the SUS in this sample.
Values above 0.70 indicate acceptable reliability [37]. The
analyses were performed using the standard software packages
Stata (StataCorp) and R (R Foundation for Statistical
Computing).

Qualitative Substudy

Study Participants
Patients in the qualitative interview substudy were recruited
among those who had completed at least 1 of the ePROMs
administered in substudies A or B. Purposive sampling was
undertaken to guarantee the inclusion of participants with a
broad range of characteristics, such as disease site and stage,
age, and sex.

Data Collection Methods and Procedures
A topic guide developed by the research team and based on a
literature review [19,24,38,39] was used to structure the
interviews with patients. This guide included questions on the
feasibility and acceptability of the routine use of ePROMs, the
difficulties encountered while completing the questionnaire,
the information and help received about ePROMs, and the
perception of the impact of these tools on clinical consultation.
In addition, there was scope to digress from the guide if
participants raised new and relevant topics.

After an initial training session, face-to-face interviews were
conducted, audio recorded, and transcribed ad verbatim by
volunteers from Associazione Italiana Malati di Cancro
(AIMAC; Italian Association of Cancer Patients). The interviews
were conducted between May and November 2021 and lasted
an average of 28 (SD 11.02) minutes. The interviews (and
participant involvement) were carried on until thematic
saturation had been reached and no new insights could be drawn
from additional participants [40].
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Data Analysis
Interview transcripts were imported into NVivo (version 12;
Lumivero) for data management, coding, and analysis [41].
Patients’ names were transformed into textual and numeric
strings to ensure data pseudoanonymization. Verbatim
transcripts were analyzed using a thematic analysis approach,
as described by Braun and Clarke [40]. Initial coding was done
by 1 author (L Lombi), then supervised and verified by other 2
authors (C Brunelli and SA). Once the interviews had been
initially coded, a finer analysis was conducted to identify
themes, sample quotes, and interconnections between themes.

Some results of this qualitative study, particularly regarding
participants’perspectives on the implications of using ePROMs
for the clinical encounter, were discussed in Lombi et al [42].
In this work, we focused on findings concerning the perceived
barriers to ePROM integration into oncological clinical routine.

Ethical Considerations
This study was approved by the institutional ethics committee
of Fondazione IRCCS INT (Milan, Italy; INT 167/18) and
complied with the Declaration of Helsinki. Participants provided
written consent before the visit or during hospitalization.
Participants were informed about (1) research purposes, (2)
privacy, (3) use of the information obtained, (4) that
participation was voluntary and unrewarded, and (5) that they
could leave the research at any time without giving explanations.
All the data were deidentified before data analysis and storage.
There was no compensation for participation in the study.

Results

Quantitative Results
From June 2020 to September 2021, a total of 435 consecutive
patients were screened, 421 (96.7%) were eligible, and 309
filled in the ePROMs, which indicates compliance of 73.4%
(309/421; 95% CI 69.8%-77.5%). All patients who were
administered the ePROM completed it, and no one stopped
before completing the questionnaire.

Overall feasibility (percentage of patients, among those
screened, who could be administered the ePROMs) was 71%
(309/435; 95% CI 66.5%-75.2%). Table 1 shows comparable
feasibilities by in- and outpatients; 69.6% (140/201; 95% CI
62.8%-75.2%) and 72.2% (169/234; 95% CI 66%-77.8%),
respectively. Organization problems, such as pressure on time
and difficult patient flow management, were the main reason
for not administering ePROMs among outpatients (40/234,
17.1% vs inpatients: 5/201, 2.5%), whereas patient refusal was
the main reason for inpatients (44/201, 21.9% vs outpatients:
10/234, 4.3%).

While the feasibility rates were similar in the 3 inpatient wards
(colorectal surgery: 44/60, 73.3%; medical oncology: 48/70,
68.6%; and urological surgery: 48/71, 67.6%), higher
heterogeneity was found in outpatient clinics, with the palliative
care clinic showing the higher feasibility (59/65, 90.8%),
followed by the radiotherapy clinic (42/54, 77.8%), and the
genitourinary oncology clinic (68/115, 59.1%; Figure 2).

Table 2 reports demographic, disease characteristics, and the
use of technological tools by patients who filled in the ePROMs.

Most of the responders stated that they regularly used
smartphones (240/309, 77.7%) and the internet (203/309, 66%).
About half of them (159/309, 51.5%) were quite familiar with
computer, while tablet use was less common (65/309, 21%). In
total, 24 (7.8%) patients reported they were not using any
electronic devices or the internet.

Table 3 shows the interaction and help needed by patients during
ePROM filling in. More help and interaction with the DCC to
use the tablet was needed by outpatients (47/169, 27.8% vs
15/140, 10.7%), and overall, 244 (78.9%) out of 309 patients
did not need help to use the tablet. Help received for the
interpretation of questions was similar in the 2 settings
(outpatients: 36/169, 21.3% and inpatients: 26/140, 18.6%). Of
note, 216 (70%) out of 309 patients did not need any kind of
interaction to fill in the ePROM (data not shown in table).

In a limited number of patients, although considered eligible
for the study in the enrollment phase, the ePROM was filled in
by the nurse upon patient interview (10/140, 7.1% vs 13/169,
7.7% in the inpatient and outpatient group, respectively) mainly
because of physical issues (2/140, 1.4% of inpatients and 6/169,
3.6% of outpatients) and pain or asthenia (3/140, 2.1% of
inpatients and 3/169, 1.8% of outpatients), which prevented
them from being completely independent when filling in the
questionnaire.

System usability, as measured by the SUS, was above 80 for
both inpatient and outpatient groups (mean 86.8, SD 15.8 and
mean 83.9, SD 8.9, respectively). Cronbach α was 0.84 (95%
CI 0.77-0.88) in the overall sample. On average, the TIQ and
DT required more time to be filled in (mean 6.63, SD 5.52
minutes and mean 6.25, SD 4.17 minutes, respectively)
compared to the ESAS (mean 3.70, SD 2.79 minutes), as
expected due to the different length of the questionnaires.

Figure 3 shows the repeated administration of ePROMs among
outpatients who underwent at least 1 follow-up visit (n=225).
The maximum number of completed questionnaires was 6
(including baseline ePROMs) of a total of maximum 7 visits
recorded for this study, with 76.9% (n=173) of the overall
follow-up ePROMs filled out.
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Table 1. Feasibility and reasons for not administering ePROMsa by setting (N=435).

Setting

Outpatients (n=234), n (%)Inpatients (n=201), n (%)

ePROM administered

169 (72.2)140 (69.6)Yes

65 (27.8)61 (30.4)No

Reasons for not administering ePROMs

Patient related

1 (0.4)3 (1.5)Impaired cognitive status

1 (0.4)0 (0)Impaired physical condition

1 (0.4)9 (4.5)Nonnative language issues

Institution related

40 (17.1)c5 (2.5)bOrganization problems

12 (5.1)0 (0)Patient enrolled in a clinical trial

10 (4.3)44 (21.9)Patient refusal

aePROM: electronic patient-reported outcome measure.
bUnavailability of the patients at the bed because of medical procedures.
cUnavailability of the patients for delays or anticipation in the timing of the visit or for diagnostic procedures.

Figure 2. Feasibility rates and reasons for not administering the electronic patient-reported outcome measure by ward and outpatient clinic.
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Table 2. Baseline sociodemographic and clinical characteristics of patients who filled in the electronic patient-reported outcome measures.

Setting

Outpatients (n=169)Inpatients (n=140)

Sex, n (%)

100 (59.2)97 (69.3)Male

69 (40.8)43 (30.7)Female

65.8 (12.8)60.4 (14.3)Age (years), mean (SD)

Educational status, n (%)

9 (5.3)7 (5)Primary

16 (9.5)20 (14.3)Lower secondary

42 (24.9)76 (54.3)Upper secondary

34 (20.1)34 (24.3)Postsecondary

3 (1.8)2 (1.4)Other

65 (38.5)1 (0.7)Missinga

Primary tumor site, n (%)

34 (20.1)4 (2.9)Breast

10 (5.9)13 (9.3)Lung

11 (6.5)58 (41.4)Gastrointestinal

84 (49.7)50 (35.7)Urogenital

25 (14.8)14 (10)Other

5 (3)1 (0.7)Missing

Reason of the visit or admission, n (%)

59 (34.9)0 (0)Palliative care

42 (24.9)0 (0)Radiotherapy treatment

68 (40.2)0 (0)Medical oncologic visit

0 (0)46 (32.9)Medical treatment

0 (0)86 (61.4)Surgery

0 (0)8 (0.6)Other

Frequency of use of electronic tools

Smartphone, n (%)

25 (14.8)13 (9.3)Not owing or never using

13 (7.7)18 (12.9)Seldom use

131 (77.5)109 (77.9)Regular use

Computer, n (%)

55 (32.5)36 (25.7)Not owing or never using

29 (17.2)30 (21.4)Seldom use

85 (50.3)74 (52.9)Regular use

Tablet, n (%)

112 (66.3)79 (56.4)Not owing or never using

22 (13)31 (22.1)Seldom use

35 (20.7)30 (21.4)Regular use

Internet, n (%)

43 (25.7)29 (20.7)Never or rarely

20 (12)14 (10)Sometimes
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Setting

Outpatients (n=169)Inpatients (n=140)

104 (62.3)97 (69.3)Often or every day

2 (1.2)0 (0)Missing

aDue to a technical problem, educational status was not collected for patients in 1 outpatient clinic.

Table 3. Interaction and help needed during electronic patient-reported outcome measure filling in by setting.

Setting

Outpatients (n=169)Inpatients (n=140)

Interaction needed for the use of the tablet, n (%)

119 (70.4)125 (89.3)No interaction needed

47 (27.8)15 (10.7)Some interaction needed

3 (1.8)0 (0)Missing

If yes, how many times, n (%)

24 (14.2)5 (3.6)1-3

7 (4.1)0 (0)4-6

3 (1.8)0 (0)>6

13 (7.7)10 (7.1)Filled in by the nurse

Interaction needed to interpret questions, n (%)

129 (76.3)114 (81.4)No interaction needed

36 (21.3)26 (18.6)Some interaction needed

4 (2.4)0 (0)Missing

If yes, how many times, n (%)

21 (12.4)16 (11.4)1-3

1 (0.6)0 (0)4-6

1 (0.6)0 (0)>6

13 (7.7)10 (7.1)Filled in by the nurse

Reason for nurse’s compilation, n (%)

1 (0.6)3 (2.1)Difficulty with reading

1 (0.6)1 (0.7)Difficulty with touchscreen

6 (3.6)2 (1.4)Physical issues

3 (1.8)3 (2.1)Pain or asthenia

2 (1.2)1 (0.6)Missing

System Usability Scale score (range 0-100)

83.9 (18.9)86.8 (15.8)Mean (SD)

15 (8.9)0 (0)Missing, n (%)
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Figure 3. Electronic patient-reported outcome measure (ePROM) administration at follow-up for patients undergoing at least 1 follow-up visit. Cross
symbols: ePROM completed; circle symbols: ePROM not administered.

Qualitative Results

Sociodemographic Characteristics of Participants
A total of 19 one-to-one interviews were conducted.
Participants’ age ranged from 35 to 78 (mean 57, SD 12.63)
years, 10 (53%) were female, and 11 (58%) had completed
secondary education. In total, 9 (47%) participants completed
the DT, 8 (42%) completed the ESAS, and 4 (21%) completed
the TIQ and pain scales. Some participants completed repeated
ePROMs.

Attitude Toward ePROMs and Barriers to Successful
Implementation
Participants were generally satisfied with ePROM administration
and had positive attitudes toward their use in routine oncology

practice. Many of their comments focused on the benefits of
ePROMs, including improvement of quality and personalization
of care through a holistic approach, increased chances of talking
about their symptoms over time, increased awareness of both
clinicians and patients about symptoms in real time, aid in
rapidly detecting abnormal parameters, and perception to be
engaged in scientific research.

Five key dimensions emerged from thematic analysis, relating
to potential barriers to successful implementation of ePROMs
in routine oncological care. The dimensions are reported in
Table 4 alongside significant quotes from patients.
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Table 4. Summary of dimensions identified from patient interviews (qualitative substudy C).

Illustrative quotesBarrier

1. Skepticism toward

ePROMa use during consul-
tation with health care pro-
fessional

• “...The way I see it, even the doctor or whoever is visiting you, that is, if he has to study your medical record, read
your questionnaire, in one day he has so many patients, that is, it becomes a bit complicated to receive...” [Interview
18, male, 43 years old].

• “It doesn’t help anybody. Because often it can happen, so we make a lot of papers, we put a lot of news...On the
tablet, on the patient’s health record...But if they are not read...They remain a dead letter, as they say, nobody
needs them” [Interview 2, female, 74 years old].

2. Skepticism toward
ePROMs as tools to examine
symptoms

• “(The questionnaire is) very general...We should go into the specifics, everyone has different symptoms according
to their history, their life, their way of living and everything...I mean...To their way of living” [Interview 10, female,
72 years old].

• “Definitely a self-limited questionnaire, in the sense, with specific questions, with closed answers, therefore it can
be filled in...details should be provided, if necessary. If one feels compelled to write something else, related to
each of these issues, the possibility of further compilation could be considered” [Interview 13, male, 38 years old].

3. Cognitive difficulties • “In fact, the first time...I was wrong, because I went to the right, because...I gave ‘No pain = 10’, meaning I don’t
have any. And instead, she told me ‘No, look, 10 is the worst’. Well, I hadn’t looked closely, I had looked here...I
hadn’t understood, do you see?” [Interview 11, female, 61 years old].

• “I assumed that at first glance I would have said, probably because of the professional deformation I have...that 0
was the minimum and 10 the maximum. Instead, in some situations it is the opposite...That is, I didn’t stop to think
that no pain was zero and maximum pain was 10. I said, ‘no pain, OK no pain, 10!’. Because I was fine, you
know?” [Interview 1, female, 65 years old].

4. Technological issues • “I’m bad with technology, so I’ll tell you, sometimes I mess up so much with the phone that half is enough and
so others always have to step in, but whatever.” [Interview 4, female, 78 years old].

• “Paper for me is always better...a book for me is a paper book...when I feel paper...I like it! Then at home we have
tablets, we have computers, we have everything...but...it’s always nice to be able to write...I like it...” [Interview
3, male, 66 years old].

5. ePROMs as time-consum-
ing tasks

• “Yes, it’s counterproductive...And then it makes people feel less inclined because the person is there for the visit,
not to fill out the form...The form is given to him, he fills it out, but if it takes half an hour to fill out the form when
the visit was scheduled at two o’clock and he goes in at half past two he’s upset...Because he’s wasting time and
because it’s not correct in short” [Interview 6, male, 59 years old].

aePROM: electronic patient-reported outcome measure.

The five key dimensions are as follows:

1. Skepticism toward ePROM use during consultation with
HCPs: During the interviews, several participants
complained that their ePROM results were not discussed
or even mentioned during the clinical encounter. As a result,
many patients doubted that clinicians had consulted their
responses likely because of time pressure and work
overload.

2. Skepticism toward ePROMs as tools to examine symptoms:
Some patients criticized the use of a questionnaire based
on close and structured questions to explore their health
status and well-being, as these are dimensions that should
be investigated through more flexible tools, that is, open
questions also including descriptive comments.

3. Cognitive difficulties: Several participants, mostly among
those who were asked to complete the TIQ and pain scale,
mentioned problems to fill out the questionnaire due to the
perceived complexity of the scales.

4. Technological issues: Patients, although older patients,
generally stated that they had no difficulties using the tablets
to fill out the ePROMs, with the only exception of 1 person
who acknowledged limited digital skills and required direct
support from the DCC. Two patients said they had no
difficulties with the tablet, but they would have preferred
to fill out the ePROMs in paper format.

5. ePROMs as time-consuming tasks: Mentioned by only 1
participant, the time required to complete the ePROMs was
perceived as potentially lengthening the waiting time and
delaying the visit.

Discussion

Principal Findings and Comparison With Prior Work
This study explored the compliance and feasibility of
implementing an ePROM system integrated with the EMR in
the clinical management of patients with cancer attending
hospital wards or outpatient clinics. Potential patient-related
barriers to the routine use of ePROMs were analyzed, collecting
both reasons for not filling in and patients’ views on the
difficulties encountered while filling in the questionnaires.

The results showed good compliance and feasibility both by
inpatients and outpatients. Most of them (244/309, 78.9%) were
able to fill out the questionnaire without any help in using the
device, which suggests that the electronic format was not a
major barrier. In support of this, many participants stated that
they regularly used smartphones, computers, and the internet,
indicating a certain degree of familiarity with technology tools.
Besides, system usability scores confirmed that the experience
with the ePROM system was more than satisfactory by most of
the patients in both clinical settings, and the qualitative results
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also point in this direction. Indeed, in planning this project, we
chose to use a system for ePROM collection that would facilitate
the procedure from the patient’s standpoint. Patients neither
had to download any app or software nor register or log in via
password; instead, they were provided with a tablet ready to fill
out the questionnaire. Clearly, more proactivity by the patient
would be needed in case of remote ePROM assessment on the
patient’s own personal devices. In any case, as already
highlighted by several studies [19,22,43,44], basic IT literacy
remains a prerequisite for electronic assessment, and addressing
this issue, especially among older patients, is a priority.

The feasibility for outpatients at follow-up visits was also good:
three-quarters of the total number of ePROMs administered
after the baseline visit were completed, and more than half of
the patients filled in the questionnaire at each consecutive visit,
indicating an overall positive attitude toward regular use of
health technologies. When interviewed, patients reported several
benefits from ePROMs, including actively participating in their
health care and improving patient-clinician communication.

Approximately 3 in 4 patients successfully filled in the
questionnaire regardless of clinical setting. This is a very
positive result considering that the administration of ePROMs
took place in the context of a research study, which implies that
data can be collected only after going through preliminary
procedures concerning patient information, privacy, and consent
to participation. If, as recommended, ePROMs were part of
routine clinical practice, they would be administered to patients
by default just like any other medical test or diagnostic
noninvasive procedure.

Feasibility was similar in the 2 clinical settings, but the reasons
for not filling in the ePROMs were different. In all 3 hospital
wards, the main reason was patient refusal, which was 21.9%
(44/201). Unfortunately, we could not collect any further
information on refusal because patients were not specifically
asked and did not spontaneously explain why they preferred
not to participate in the study. Another important reason for not
filling in was the language barrier for people not fluent in Italian
(9/201, 5%), which, however, could be easily overcome by
implementing different languages within the same ePROM to
offer questionnaires also to nonnative speaking patients. In
contrast to inpatient wards, outpatient clinics showed mainly
institution-related reasons for not filling in, with organizational
problems significantly affecting the feasibility rate. It is
noteworthy that the palliative care outpatient clinic showed the
highest feasibility (59/65, 90.8%), probably because in this
clinical setting, both clinicians and patients are particularly well
trained and accustomed to the use of paper-based PROMs that
have been part of routine patient care for decades.

Similar studies exploring the compliance and feasibility of an
ePROM system integrated into an existing clinical setting have
reported good acceptance of both patients and HCPs [43,45-48],
suggesting there is potential to use such instruments to improve
the quality of information collected from patients by hospital
systems. Yet, some challenges need to be addressed, including
the patient-related barriers, which are also reported here (ie,
time and cognitive burden upon patients to complete the
questionnaires and skepticism toward ePROM use during a

consultation with HCP) and are highly dependent on contextual
factors. For example, a limitation of this study is that the 2
groups of patients were not administered the same ePROMs.
This did not allow to distinguish the effect of the clinical setting
(inpatient vs outpatient) from the effect of the type of
questionnaires offered to inpatients (DT) and outpatients (ESAS
and TIQ) on their different refusal rates. It can be assumed that
patients awaiting surgery are less willing to take part in a
research project than outpatients. On the other hand, filling in
a questionnaire on psychological distress may be perceived as
more burdensome than reporting about physical symptoms [49].
However, a combined effect of both these aspects on the higher
inpatient refusal rate cannot be excluded.

Patients’ perception that ePROMs are not valid tools to explore
their own symptoms and well-being and share this information
with clinicians has been reported by several studies
[3,13,19,22,50]. Therefore, efforts should be made to ensure
that patients receive adequate information about the
questionnaire they are asked to complete and understand the
value of PROM collection.

The time needed to fill out the PROMs and difficulties met in
completing some items are also relevant barriers already
reported in the literature [19,22,23,46]. Patients with cancer
may perceive ePROMs as burdensome, as they see them as
additional tests that negatively impact on the time already spent
in visits, procedures, and treatments. For some patients, the
questionnaire can also be difficult to complete without help, as
our results showed, and this can be frustrating. Thus, selecting
ePROMs that are both sufficiently informative and not overly
burdensome for the patient is a critical aspect for their successful
implementation.

Limitations and Future Work
This study has some limitations that should be considered. First,
we acknowledge that this study was carried out in a single
comprehensive cancer center, and this aspect may limit the
generalizability of the results. However, existing evidence
recommends that individual clinical settings independently
examine local barriers in order to adopt ad hoc solutions
[19,22,48,50,51].

Second, our results were obtained in the context of a research
study. This implies that, on one side, compliance might be
underestimated (patient refusal might be about the clinical study
and not about filling in the ePROMs); on another side, feasibility
might be overestimated, as data collection with a dedicated
nurse might be difficult to replicate in real-world
implementations due to lack of resources.

For ePROMs to supplement clinician-reported outcomes with
useful information and help in patient’s care, they should be
efficient, effective, and satisfactory for stakeholders [21,52,53].
The European Society for Medical Oncology guideline
recommends that PROMs evaluate outcomes that are clinically
meaningful and actionable in the reference population and
emphasizes that a single software system with PROM
functionalities suitable for any stage of cancer disease would
be the optimal solution, although technically challenging.
However, evidence supporting the implementation of PROM
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systems along the entire cancer trajectory is limited and largely
based on studies under highly controlled conditions rather than
on real-world data from routine clinical settings [26]. Based on
these recommendations, this study contributes real-world
evidence to support the integration of ePROMs into the hospital
information system for their use in routine oncology practice.

Conclusions
At this feasibility stage, the patient-related barriers reported in
this study provide useful information for improving future

implementation strategies, which will be aimed to effectively
support the routine clinical management and care of patients
with cancer. In addition, these findings may be relevant to other
organizations willing to implement a systematic use of PROMs
or ePROMs in their clinical routines. Finally, current evidence
suggests that the creation of a cultural infrastructure that values
PROMs, that encourages and instructs HCPs to use these tools
routinely, and that actively involves patients in their health care
process is a key element in fostering the uptake of PROMs in
real-world clinical settings [3,48,51].
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Abstract

Background: Computer-aided detection and diagnosis (CAD) systems can enhance the objectivity of visual inspection with
acetic acid (VIA), which is widely used in low- and middle-income countries (LMICs) for cervical cancer detection. VIA’s
reliance on subjective health care provider (HCP) interpretation introduces variability in diagnostic accuracy. CAD tools can
address some limitations; nonetheless, understanding the contextual factors affecting CAD integration is essential for effective
adoption and sustained use, particularly in resource-constrained settings.

Objective: This study investigated the barriers and facilitators perceived by HCPs in Western Cameroon regarding sustained
CAD tool use for cervical cancer detection using VIA. The aim was to guide smooth technology adoption in similar settings by
identifying specific barriers and facilitators and optimizing CAD’s potential benefits while minimizing obstacles.

Methods: The perspectives of HCPs on adopting CAD for VIA were explored using a qualitative methodology. The study
participants included 8 HCPs (6 midwives and 2 gynecologists) working in the Dschang district, Cameroon. Focus group discussions
were conducted with midwives, while individual interviews were conducted with gynecologists to comprehend unique perspectives.
Each interview was audio-recorded, transcribed, and independently coded by 2 researchers using the ATLAS.ti (Lumivero, LLC)
software. The technology acceptance lifecycle framework guided the content analysis, focusing on the preadoption phases to
examine the perceived acceptability and initial acceptance of the CAD tool in clinical workflows. The study findings were reported
adhering to the COREQ (Consolidated Criteria for Reporting Qualitative Research) and SRQR (Standards for Reporting Qualitative
Research) checklists.

Results: Key elements influencing the sustained use of CAD tools for VIA by HCPs were identified, primarily within the
technology acceptance lifecycle’s preadoption framework. Barriers included the system’s ease of use, particularly challenges
associated with image acquisition, concerns over confidentiality and data security, limited infrastructure and resources such as
the internet and device quality, and potential workflow changes. Facilitators encompassed the perceived improved patient care,
the potential for enhanced diagnostic accuracy, and the integration of CAD tools into routine clinical practices, provided that
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infrastructure and training were adequate. The HCPs emphasized the importance of clinical validation, usability testing, and
iterative feedback mechanisms to build trust in the CAD tool’s accuracy and utility.

Conclusions: This study provides practical insights from HCPs in Western Cameroon regarding the adoption of CAD tools for
VIA in clinical settings. CAD technology can aid diagnostic objectivity; however, data management, workflow adaptation, and
infrastructure limitations must be addressed to avoid “pilotitis”—the failure of digital health tools to progress beyond the pilot
phase. Effective implementation requires comprehensive technology management, including regulatory compliance, infrastructure
support, and user-focused training. Involving end users can ensure that CAD tools are fully integrated and embraced in LMICs
to aid cervical cancer screening.

(JMIR Cancer 2025;11:e50124)   doi:10.2196/50124

KEYWORDS

qualitative research; technology acceptance; cervical cancer; diagnosis; computer-assisted; decision support systems; artificial
intelligence; health personnel attitudes; Cameroon; mobile phone

Introduction

Background
In low- and middle-income countries (LMIC), visual inspection
with acetic acid (VIA) is a common low-cost method for
screening and triage. This method involves applying diluted
acetic acid to the cervix during gynecological examination. This
induces tissue whitening, which a trained observer assesses to
guide the diagnosis. Despite VIA’s cost-effectiveness and
accessibility, a major limitation is its high subjectivity owing
to variability in the training and experience of the observer [1].

With advancements in artificial intelligence (AI), its potential
to assist in diagnosis has been extensively explored and
investigated [2]. Tools that aid health care providers (HCPs) in
detecting diseases and identifying abnormalities are clinical
decision support (CDS) systems and, more specifically,
computer-aided detection and diagnosis (CAD) systems [3]. In
cervical cancer, CAD tools can mitigate the subjectivity inherent
in VIA by providing standardized evidence for clinical
decision-making [4].

Despite the promising potential of CAD systems, their
implementation and sustained use in LMICs are limited,
irrespective of the target disease. These barriers include the risk
of workflow disruption, dependency on computer literacy, poor
data quality, lack of transportability and interoperability (ie,
system compatibility), and financial challenges [5]. In addition,
frameworks exist to guide the implementation, evaluation, and
regulation of these digital health tools [6-10]. However, the lack
of harmonization across different entities compounds their

development complexity. The technology may not progress
beyond the pilot stage because of the previously mentioned
reasons—a common phenomenon referred to as “pilotitis” [11].

This study examines the barriers and facilitators to deploying
a VIA CAD tool to enhance and standardize cervical cancer
diagnosis using AI. User perspectives were collected to
understand the challenges and enablers of implementing this
technology. This study provides insights into deploying
AI-enhanced diagnostic tools in LMICs to bridge the gap
between technological development and real-world
implementation.

Theoretical Framework
In the context of VIA CAD tools for LMICs, the following
definitions are used throughout the paper: (1) acceptability: “the
quality of being satisfactory and able to be agreed to or approved
of,” according to the Cambridge Dictionary [12]; (2) acceptance:
“general agreement that something is satisfactory or right,” as
stated by the Cambridge Dictionary [13]; and (3) adoption: “a
multiphase process starting with deciding to adopt [a
technology] (selecting, purchasing, or committing to use it) and
then achieving persistent use,” provided by Carroll et al [14].

These 3 concepts are combined in successive steps in the
technology acceptance lifecycle (TAL) proposed by Nadal et
al [15]. The model (Figure 1) reveals that technology
preadoption is a 2-stage process. First, acceptability before use
is preuse acceptability, followed by initial use acceptance once
the technology has been used for the first time. Postadoption is
considered sustained use acceptance, implying that the device
is fully adopted and sustainably used.

Figure 1. Technology acceptance lifecycle adapted from Nadal et al [15].

The TAL model was chosen because it captures key factors in
the preadoption phase, which is crucial previous to integrating
CAD tools in resource-constrained health care settings.
Furthermore, the postadoption phase addresses specific barriers,

such as infrastructure and data security, while simultaneously
supporting sustained adoption and mitigating pilotitis risk.
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Objective
This study focused on the challenges perceived by HCPs that
would prevent the sustained use of CAD tools for VIA in clinical
settings. The primary objective of this study was to identify the
common barriers to adopting CAD tools for VIA, and facilitators
were the secondary objective. Barriers and facilitators were
studied within the framework of the TAL, especially in the
preadoption phase. The study was conducted in Western
Cameroon; however, the results are critically interpreted for
generalizability to other geographical settings within
sub-Saharan Africa or other LMICs.

Methods

Overview
This study is reported per the COREQ (Consolidated Criteria
for Reporting Qualitative Research; Multimedia Appendix 1)
and SRQR (Standards for Reporting Qualitative Research;
Multimedia Appendix 2) checklists.

Study Settings and Recruitment
This study was conducted as part of a cervical cancer screening
program in the Dschang district, Western Cameroon. A larger
study, the 3T program (for test-triage-treatment), was initiated
in 2018 at Dschang District Hospital with the support of the
Ministry of Health and in collaboration with Geneva University
Hospital [16]. This program includes patient recruitment through
awareness campaigns in rural and urban areas, tests for HPV,
followed by VIA triage (if the HPV test is positive), and
treatment, if necessary. The cervical cancer screening was
performed by midwives who welcomed the patients, explained
the study, conducted the gynecological examination, and, if
required, administered treatment. In the case of severe lesions,
the patient was treated by a midwife and gynecologist. Within
the scope of this program, images were collected during the
colposcopy for peer review of the diagnoses and to develop a
CAD tool for VIA. This technology relies on image processing
and machine learning [17].

Participants were recruited from trained teams at the Dschang
District Hospital and the Regional Hospital of Bafoussam, a
second 3T program site approximately 60 km east of Dschang.
Every HCP in the 3T program is Cameroonian, better to
understand the local context and its specific culture. Participants
were compensated for their transportation expenses and provided
with refreshments during discussions.

Study Design and Procedure
A qualitative methodology was chosen to capture nuances in
participants’ views, experiences, and behaviors regarding
technology and their environment [18]. Compared with a
quantitative approach, a qualitative approach provides better
insight into participants’perspectives and provides the flexibility
required for participants to highlight information they may not
have anticipated [19,20].

A mixed approach composed of individual interviews and
mini–focus group discussions (mFGDs) was adopted. Individual
interviews contributed to in-depth data collection [21], and
mFGDs facilitated the exchange of participants’ perspectives

and the compilation of collective perceptions [20]. The term
“mini” denotes the small group size of 3 participants, which
was chosen because of the limited availability of individuals
with relevant expertise and the sensitivity of the topic, which
benefits from an intimate setting [22]. Due to the HCPs’various
educational levels, training, and daily duties, the participants
were grouped into homogeneous professional mFGDs. The aim
was to create a climate of trust, enabling all participants to
express themselves freely and reduce authority bias [23].

Therefore, 2 mFGDs, each with 3 midwives and 3 individual
interviews with gynecologists, were conducted between March
and May 2022. All discussions were moderated in French—the
official language—by a female Cameroonian anthropologist
who had worked on the 3T program for several years and had
intimate knowledge and familiarity with the professional
community. During focus group discussions, in which the
perspectives of the HCPs were collected at the Dschang District
Hospital, a second female Cameroonian anthropologist took
notes to capture nonverbal cues and additional context. An
individual interview was conducted via videoconferencing
because the medical doctor was traveling. The remaining
discussions occurred in clinical settings, either in a confidential
conference room at the hospital or a private medical office.

Each interview began with an introduction to the CAD tools
for VIA, and the procedure was described in detail. The slides
supported the verbal explanation and clarified the following
steps. During the gynecological examination, the HCP first
applied diluted acetic acid to the cervix, corresponding to the
routine VIA. Second, cervical images were recorded using a
dedicated mobile app. Subsequently, the algorithm integrated
into the mobile app processed the sequence of images and
provided an analysis to the user. Finally, the HCP interpreted
the results to determine whether treatment was necessary. The
entire procedure can be conducted offline; nonetheless,
internet-based synchronization with a server is also feasible,
ensuring data backup and compliance with data privacy and
confidentiality requirements.

A mobile app was specifically developed for the demonstration
to concretize the concept for the participants. The mobile app
allowed users to capture a series of pictures and generate
simulated predictions of cervical cancer. The participants could
manipulate the mobile app and take pictures of their
surroundings to familiarize themselves with CAD tools for
cervical cancer. A semistructured questionnaire was then used
to (1) investigate HCPs’ perceptions of smartphone use for
medical applications, cervical cancer, and AI and (2) identify
the challenges and facilitators for integrating CAD tools for
VIA in clinical settings.

All interview guide questions were fully addressed, and the
participants were given opportunities to ask questions. Finally,
participants could share their thoughts and comments. All
discussions were audio-recorded, transcribed, and anonymized.
Triangulation was applied within and across sessions to enhance
data reliability.
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Data Processing and Analysis
A total of 4 audio recordings were transcribed verbatim in
French, categorized, and coded using content analysis [24].
Therefore, coding was initially deductive based on a codebook,
guided by the topics outlined in the interview guide, followed
by the generation of inductive codes directly from the
transcriptions. Around 2 female coresearchers (MJC and
AMDM) independently coded transcripts using the
computer-assisted qualitative data analysis software (ATLAS.ti,
version 22.2.3) to support scientific rigor and reflexivity. The
data were double-coded by a researcher from a different cultural
context to address the potential reporting bias that could arise
from the shared experience between the anthropologist and the
HCPs. The coding was then compared, discussed when
diverging, combined, and finally assessed for consistency
following the open discussion method [25].

The coded data were analyzed to identify relationships between
the categories and hierarchically ordered, with the TAL
framework applied as a theoretical lens for interpreting the
coded data. Data were analyzed with team members from
diverse professional and cultural backgrounds. This combination
of expertise and cultural insights strengthened the study design
and analysis. Data saturation was confirmed through consistent
responses across the mFGDs and interviews. Each mFGD was
included, and all sessions were audio-recorded while
maintaining confidentiality. Suppose quotations were selected
for publication; in that case, they were translated from French
into English.

Ethical Considerations
This study was approved by the Ethical Cantonal Board of
Geneva, Switzerland (CCER, 2017-01110 and CER-amendment
no. 4) and the Cameroonian National Ethics Committee for
Human Health Research (2022/12/1518/CE/CNERSH/SP). The
participants verbally consented after being informed of the
study’s purpose, topics, duration, benefits, and risks. Participants
were compensated for their transportation expenses. All
transcripts were anonymized and analyzed in a fully deidentified
manner to ensure privacy and confidentiality. The achievement
of data saturation, the presence of 2 researchers during the
mFGDs, audio recordings, and triangulation of information
attest to the rigor and trustworthiness of the data collection and
analysis.

Results

Participants
The study involved all HCPs from both 3T program sites,
encompassing 6 midwives and 2 gynecologists, of whom 5 were
females and 3 were male participants aged 30-55 years. All
participants specialized in cervical cancer, with experience
between 6 months and over 10 years, providing insights for
evaluating the technology across different stages of professional
development. They all owned a smartphone, used it daily, and
were familiar with smartphone apps in clinical settings through
the 3T program. None of the participants dropped out of the
study, and the discussion duration was 42-92 minutes.

Main Results
HCPs’perceptions of adopting a CAD tool for VIA were mainly
positive. The HCP highlighted 8 facilitators and 5 barriers that
should be addressed in the future.

The barriers were:

• Restriction of the HCP’s movement due to the smartphone’s
position.

• Constraining requirements for the image quality.
• Confidentiality concerns for sensitive data, especially in

case of data breach.
• Workflow changes may encourage HCPs to heavily depend

on the technology.
• Limited access to internet connection and smartphones.

The facilitators were:

• Improved patient care through rapid and reliable diagnosis.
• Improved diagnosis.
• Reduced workload because of improved efficiency.
• Reinforcement of visual inspection with acetic acid (VIA)

protocol.
• Clinical evaluation of the technology in conditions reflecting

real-life conditions.
• Automated assessment of image quality.
• Training of the users.
• Provision of smartphones and tripods.

Barriers to CAD Tools for VIA

System Usability Challenges
The smartphone was positioned on a tripod between the
gynecological chair and HCP to capture the images. This
positioning restricted the movement of professionals during the
examination.

When pipetting [acetic acid] and the whole cervix is
not captured on the smartphone but the recording
already started, then we need to twist and turn to
finish. For those difficulties, we could pull the trip
away, pipet to remove all the acetic acid well, and
then position the device. [P6]

In addition, image quality requirements entail acquisition
conditions that are difficult to achieve. These quality assessment
criteria can be affected by video movements, light changes,
reflections, and the presence of blood or mucus. Furthermore,
some HCPs raised concerns that the high-quality images
required for an accurate diagnosis would be difficult to achieve,
possibly leading to misdiagnosis.

[…] So that artificial intelligence provides an
accurate result, one will need to fulfill all acquisition
conditions. It means that if you make a small mistake
in the process, the risk of a false positive or false
negative will be high […] [P2]

Confidentiality
Most HCPs expressed apprehension regarding the handling and
storage of sensitive data. Their concerns revolved around
potential breaches of medical data confidentiality and the
unauthorized sharing of VIA images. Furthermore, they feared
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the loss of images due to the misfunctioning or mishandling of
smartphones.

[…] If I send a picture to someone, they can easily
forward it to someone else without asking my
permission. There were so many scandals in the field
of medicine because someone took a picture with their
smartphone, which was shared multiple times and
leaked […] [P8]

An HCP emphasized that framing the picture around the cervix
alone can aid confidentiality concerns because it is anonymizing.

When using a smartphone to take photos of the cervix,
it is beneficial as long as it preserves the woman’s
privacy by capturing solely the cervix. That way, the
woman cannot feel frustrated about her face
potentially being seen elsewhere. [P2]

In addition, using a private mobile phone to take pictures during
the gynecological examination was not allowed. The device
should be dedicated to only clinical settings and not leave the
screening area.

[…] the personal mobile phone is never fully private…
when you drop it at home, kids may search into it and
access the image […] Personally, I believe the mobile
phone used needs to be professional only and to stay
at the screening site, never reaching someone’s home
[…] [P8]

Workflow Changes
Several HCPs were concerned that the adaptation of the device
might change the workflow, and users might heavily depend
on CAD tools, neglecting their expertise. An HCP explained:

For me, and my colleagues, if this device is given to
medical doctors, they might become lazy. They will
not have to do their work fully. As soon as there is a
case, they would take the smartphone and would not
think about the diagnosis themselves. [P1]

Therefore, their gynecological knowledge might be affected,
possibly limiting patient care in complicated cases.

Limited Infrastructure and Resources
Another challenge regarding adopting the technology is the
limited access to resources. Some HCPs were concerned about
access to reliable internet connections and smartphones, along
with their quality. The wear of the smartphone battery was also
a concern.

[…] Everyone cannot access a smartphone, everyone
cannot access the internet […] [P8]

Facilitators of CAD Tools for VIA

Patient Care Improvement
Most HCPs agreed that the technology would improve patient
care by providing a rapid and reliable diagnosis. According to
them, accelerating the diagnosis speed benefited the patients
and HCPs. First, patients would not return home with
unanswered questions and directives to wait, which could induce
stress and unnecessary worry.

They [patients] will accept the technology since when
coming out of here [the hospital], they will know their
diagnosis; they will think, ‘They told me that I come
back home with a clear head, not like before when I
came and I had to wait for a phone call with the
results […] [P3]

Second, the technology could help HCPs provide a diagnosis
or mitigate the lack of resources for conducting biopsies. Some
professionals also believed that the workload could be reduced
using technology that would enable the screening of more
women for cervical cancer.

Furthermore, some HCPs mentioned that adopting a CAD tool
for cervical cancer could enhance diagnosis by identifying
lesions that are challenging to detect with the human eye. This
can reduce the potential for human error.

If it is efficient, then it would be a very important tool
because visual inspection is now very subjective. But
if we manage to generate a diagnosis from a simple
image, that would be a very good progress. [P7]

This technology may also reinforce the protocol for performing
appropriate VIA. For example, the predetermined duration of
the recording constrains the user to wait until the recording is
completed. Diagnosis improvements may also reduce the rate
of overtreatment, which is currently considered crucial, as
illustrated by one of the HCPs.

[…] in the approach to screen and treat, we are
afraid, on the one hand, not to treat someone who
should have, until the point it develops into a cancer.
On the other hand, we may treat someone who did
not need it, which is called overtreatment, but if we
have this technology helping, then we will win in both
cases […] [P7]

Clinical Evaluation
Before this technology can be used in clinical settings, approval
and validation by health care professionals is required. This
implies comparing the technology’s diagnosis in real conditions
and that of HCPs, histopathology results, and a usability study
regarding the tool’s features and interface. The HCPs confirmed
the need to validate the technology because they were concerned
about its performance and their ability to distinguish accurate
diagnoses from misdiagnoses.

Automated Assessment of Image Quality
Some HCPs apprehend that automating the technology would
induce misdiagnosis and false-positive and false-negative
predictions because of cervical abnormalities such as blood,
mucus, and benign lesions. Therefore, an automated pipeline
for assessing image quality was indicated as an essential
technological feature preventing misdiagnosis by not allowing
the application of the algorithm to images that are of extremely
low quality or ineligible.

For instance, we could have a feature that gives us
an ok when all acquisition criteria are fulfilled and
that the analysis of the images can be conducted. Or,
if criteria are not fulfilled, then there would be a
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message telling you not to launch the analysis and
to, maybe, retake images. [P4]

Training and Resources Provision
The participants highlighted the importance of comprehensive
training on properly using the CAD tool for its clinical adoption.
In addition, resources such as smartphones and tripods are
required for effective implementation.

[…] One needs to ensure that the user of the
technology is well trained to create conditions
allowing the capture of a good image because… bad
acquisition conditions result in bad image quality.
[P7]

Discussion

Principal Findings
This study identified 4 barriers and 4 facilitators each to
adopting CAD tools for VIA during the preadaptation phase of
the TAL model (Figure 1), either related to preuse acceptability
or to initial use acceptance (Table 1). These included structural
components such as limited infrastructure, confidentiality, data
management, and personal factors such as workflow changes
and user interaction with the CAD tool. HCPs emphasized the
overall benefits, including improved patient care through better
clinical evaluation, enhanced training, and technical advantages,
such as ease of use of the system. The following section
discusses the barriers and facilitators identified in both phases,
contextualized within this literature, and highlights the barriers
observed in previous studies but not encountered in this one.

Table 1. Synthesis of principal findings under the preadoption phases of the technology acceptance life cycle.

Initial use acceptancePreuse acceptability

Barriers •• User interactionConfidentiality and data management

•• Change in workflowLimited infrastructure and resources

Facilitators •• Clinical evaluationPatient care improvement

•• Ease of useTraining

Barriers to Preuse Acceptability

Confidentiality and Data Management
Confidentiality concerns were highlighted as a significant factor
affecting pre-use acceptability. HCPs expressed reservations
about data loss and breaches and the acquisition of cervical
images with smartphones. Patients also expressed concerns
about the image frame. However, these concerns are not specific
to the use of AI but are raised by the use of digital, sensitive
images. Lodhia et al [26] observed that assuring patients of
confidentiality was crucial to their mHealth intervention study
for eye care in Kenya and recommended a robust data protection
system. Prioritizing confidentiality, incorporating a secure data
management system, and transparent communication about
security measures are essential for alleviating privacy concerns
and building trust among HCPs and patients. Practically, some
HCPs have suggested showing the acquired data to patients to
reassure them about the content of the images.

Limited Infrastructure and Resources
A lack of infrastructure and resources can affect the preuse
acceptability of CAD tools for VIA in cervical cancer.
Equipping HCPs with the necessary devices (such as
smartphones and tripods) and ensuring regular maintenance of
the devices is essential for limiting technical challenges and
providing uninterrupted and effective health care services to
patients.

Limited access to reliable internet connections, smartphone
quality, and smartphone battery wear concerns during prolonged
use have been highlighted as barriers by HCPs. These challenges

align with findings from the existing literature in which
infrastructure-related challenges have been identified in other
health care settings. A study by Elahi et al [27] on a CAD tool
for traumatic brain injury in Uganda emphasized the importance
of internet connection and the associated costs. Spence et al
[28] and Knoble and Bhusal [29] reported reliable electricity
as a key challenge in the studies of childhood pneumonia
diagnostic tools and electronic diagnostic algorithms.

A viable solution to overcome internet-related constraints is
developing a CAD tool that can function offline. Internet access
might be occasionally needed for maintenance, updates, and
data sharing or backup; however, the device would provide
CDS, irrespective of internet coverage and connectivity. In
addition, ensuring access to electricity is essential to keep the
smartphones charged. Therefore, adopting good practices, such
as switching off the device at night or when it is not in use for
several days, can help preserve battery life. Furthermore,
optimizing the CDS algorithm to minimize smartphone power
consumption can contribute to its ease of use without frequent
recharging. By implementing these strategies, HCPs can
confidently use CAD tools, even in remote areas with limited
internet access and electricity.

Facilitators for Preuse Acceptability

Patient Care Improvement
CAD tools for VIA have diverse benefits that may contribute
to improvements in cervical cancer screening and diagnosis
[30]. A key advantage is rapid and reliable diagnosis, which
reduces waiting time for patients who can receive test results
and treatment in a single appointment. This point-of-care
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approach can enhance patient satisfaction and positively impact
mental health by providing a timely, near–real-time diagnosis
[31]. In addition, this technology serves as a valuable
supplementary test, assisting HCPs and making the diagnostic
process less subjective. This technology limits cases of
overtreatment and mitigates the risk of unnecessary
treatment-related complications, such as pregnancy-related
morbidity, by enhancing diagnosis accuracy [32].

Training
Comprehensive training is essential for users to understand and
use the technology accurately. HCPs should not rely solely on
the suggested diagnosis but use it as an assistive device that
provides supplementary evidence to be considered in addition
to their clinical knowledge and experience. Training must be
tailored to the specific contexts of use and encompass
geographical, cultural, and educational considerations [33]. The
objective is to equip users with the ability to comprehend,
interpret, and integrate recommendations from CAD tools into
their decision-making processes.

Barriers to Initial Use Acceptance

User Interaction
The initial acceptance of the system can be hindered by
difficulty in use. Demanding acquisition conditions are
challenging for HCPs to comply with, potentially hindering
technology adoption. The CDS algorithm requires adherence
to specific acquisition conditions to address issues, such as
movement, light, and mucus or blood in the cervix. The HCPs
suggest that this could be facilitated by an automated quality
assessment pipeline that assesses image quality in real time and
provides immediate feedback to users, indicating whether the
image quality is sufficient. Such a process could assess the
visibility of the cervix, monitor movement, detect blurriness,
or detect external objects (eg, pipettes).

Beyond the acquisition process, interaction with the device must
be satisfactory to the HCPs. Knoble [29] conducted a
comprehensive study on electronic diagnostic algorithms in
Nepal and uncovered that HCPs found the device’s size too
small and the touchscreen sensitivity too low. This highlights
the importance of considering all usability aspects while
developing the technology and iteratively testing it with users.

Workflow Changes
Potential changes in the HCPs workflow also need to be assessed
because they could hinder the initial acceptance of CAD tools
for VIA [34]. Furthermore, a few HCPs expressed concerns
about the risk of neglecting their expertise because of heavy
reliance on the new technology. This observation is consistent
with current literature. Despite the potential educational
purposes of AI-driven CDS tools, the tendency to rely heavily
on automation, described as automation bias, has been
highlighted by Khera et al [35]. Furthermore, Jabbour et al [36]
observed a decline in diagnostic performance when clinicians
used AI support, even when visual explanations of AI-driven
diagnoses were provided.

Introducing a novel technology can also increase the workload
during the initial learning phase. Melas et al [37] observed that

reduced time consumption was a vital factor influencing
clinicians’ intentions to adopt it. In contrast, Ellington et al [38]
reported that HCPs need to practice using technology before
using it with patients to improve efficiency. This preparatory
practice would allow HCPs to become familiarized with the
technology’s functionalities and workflows, ensuring a smoother
and more efficient integration of the technology into their
clinical practice.

Facilitators for Initial Use Acceptance

Clinical Evaluation
The technology should undergo rigorous evaluation to assess
its clinical and cost benefits to ensure initial use acceptance and
foster sustained use acceptance [9]. The tool’s performance can
be evaluated using metrics such as sensitivity, specificity,
accuracy, and false-positive rate. Evaluating the efficiency of
the device and its integration into patient care contributes to
assessing its clinical benefits. This involves examining the
clinical utility of the technology, its compatibility with specific
clinical settings, and its impact on patient outcomes. In addition,
a user-centered design highlights the importance of user
feedback for validating the technology, particularly its interface,
features, and ease of use [39]. Cost benefits should also be
assessed by estimating cost savings and implementation costs,
including initial setup, training, and maintenance costs.

Laka et al [40] highlighted that evaluation frameworks should
consider the dynamic nature of clinical settings and CDS (eg,
through software updates). However, such devices need to be
continuously monitored to ensure their safe and effective
integration in clinical settings [41]. Papadopoulos et al [42]
illustrated this challenge in a systematic literature review,
revealing that only a few studies included “any form of
evaluation,” with often insufficient methodologies.

Ease of Use
In addition to facilitating the acquisition and quality assessment
processes, simplicity in using CAD tools is crucial for their
successful adoption in clinical settings [28]. Panicker et al [43]
indicated that easy-to-use CAD tools save time because of their
simple operation, fast access, effective recording, and
information retrieval. These features contribute to the perceived
usefulness and potential for extensive system adoption in clinical
practice.

Comparison to Previous Studies
The barriers identified mostly align with those in the existing
literature. However, these studies also reported barriers not
mentioned by the participants of this study.

A common barrier highlighted in the literature is the limited
resources to finance the technology, cope with increased
diagnosis, and provide follow-up and treatment when necessary
[26-28,44]. In the 3T program, external funding covers all costs,
including salaries, clinical materials (gloves, speculum, acetic
acid, etc), equipment (smartphone, tripod, etc), and patient travel
cost compensation, eliminating immediate financial constraints.

Another barrier emerging from the literature, but not specifically
addressed in this study, is the risk of mobile device theft [26].
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This could be a relevant consideration in less controlled settings.
Community and political support are also lacking in the literature
[38,43]. The 3T program receives support from the Health
Ministry, albeit financed through foreign grants.

The literature indicates a lack of user experience or skill (ie,
phone literacy) as a potential barrier, even though the
participants were comfortable handling smartphones
[26,29,38,43]. This may result in misuse or an increased
workload. In the 3T program, all HCPs follow comprehensive
training, ensuring their proficiency in using the technology.

In summary, the absence of these barriers identified in the
international scientific literature but not encountered in the 3T
program might be attributed to the specific context and
controlled environment provided by the program, as well as the
active involvement of the study participants in it.

Further Recommendations
The World Health Organization (WHO) proposes 3 main
solutions for barriers to the general use of medical devices [45].
First, the technology should be designed to fit the context of
use. Second, the device system should be managed
comprehensively, including its regulatory aspects, installation,
maintenance, and monitoring. Finally, professionals need to be
trained for proper use, maintenance, and presentation to patients.
In alignment with the WHO recommendations to avoid pilotitis,
this study identified barriers and facilitators to integrating CAD
tools for VIA in cervical cancer diagnosis.

Addressing specific barriers to deploying CAD systems involves
the fundamental element of trust. Patients and HCPs must trust
the technology to ensure its successful implementation and
sustained use. Trust might motivate HCPs to integrate CAD
systems into their workflows and enhance patients’ acceptance
and comfort through a diagnostic process facilitated by CAD
tools.

Trust can be built by involving users from the outset of
technological development and integrating their feedback. Early
engagement allows the understanding of their specific needs
and ensures that the technology addresses relevant challenges.
Involving various user profiles (eg, profession, degree, and
working experience) from different clinical settings introduces
a range of perspectives that can be leveraged to tailor the
technology to diverse contexts.

In addition, providing evidence of the technology’s
trustworthiness is key to building trust [46]. Explainability,
which makes the decision-making process of the technology
transparent and understandable to users, builds confidence in
its reliability. Traditionally, CDS are knowledge-based and rely
on medical literature and conditional logic [47]. This approach
tends to be more transparent than the current AI-leveraged CDS
systems. Comprehensive training further reinforces trust for
knowledge- and AI-based CDS by ensuring the appropriate use
of the technology through stepwise instructions and presentation
of its limitations.

The TAL framework provides valuable perspectives on the
current stages of technological adoption. However, it should be
considered as an iterative tool, acknowledging that perceptions

and acceptance may evolve as the technology progresses.
Continuous monitoring of these changes is essential to ensure
the successful adoption and use of CAD tools for VIA in clinical
practice.

Strengths and Limitations
To our knowledge, this is one of the first studies in sub-Saharan
Africa that investigates the adoption of CAD tools for cervical
cancer from the perspective of HCPs. The various professional
backgrounds of the participants, years of experience in cervical
cancer screening, and sex allowed us to gain in-depth insights
into the barriers and facilitators present during the preadaptation
phase.

The qualitative method allowed for collecting different
perspectives; however, several limitations were observed. First,
the study involved a limited number of nonrandom samples of
participants familiar with the use of smartphones for cervical
cancer diagnosis. In addition to potential selection bias and
limited generalizability, mini–focus groups have been
acknowledged in the scientific literature, especially among
participants with intense experience with a topic, which was
the case in our study, allowing for a more in-depth discussion
[48]. The mFGDs were complemented by individual interviews
to capture a wider range of perspectives and mitigate this bias.
Second, the study was conducted in a controlled program in
Western Cameroon, which may not reflect other settings with
varying resources and infrastructure. Therefore, we recommend
replicating the study in other contexts for broader validation.
Third, this study focused on HCPs; however, patient
perspectives, crucial for understanding technology adoption,
were not included but addressed in a separate study [49]. Finally,
barriers can be attributed to the use of CAD tools or
smartphones. This study was conducted during the preadaptation
phase; however, the technology and user attitudes have evolved.
Iterative research is needed to determine whether factors can
be attributed to specific digital tools and capture changing
perceptions after implementing the CAD tool.

Some of the encountered barriers (such as workflow changes)
might be addressed through adaptation and facilitator
reinforcement (such as training); therefore, the findings of this
study provide a crucial foundation for future work. In summary,
further qualitative and quantitative studies should be conducted
among HCPs with less smartphone experience and in various
clinical settings to enhance the generalizability of findings and
guide tailored strategies for implementing CAD tools in cervical
cancer diagnosis.

Conclusions
Interviewing HCPs from various backgrounds with diverse
working experience—midwives and gynecologists—was
essential to better understand their concerns, perceptions, and
expectations regarding a CAD tool for cervical cancer and to
avoid “pilotitis.”

Even if a CAD tool is designed to fit its context of use perfectly,
understanding the barriers and facilitators is key to its successful
implementation and use. In this study, the CAD tool was
appreciated by the HCP for its ease of use and crucial role as
an assistive device to improve patient care and support clinical
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decisions. The barriers encountered (confidentiality and data
management, limited infrastructure and resources, workflow
changes, and user interaction) are specific to the study setting
and might vary with the context. However, these challenges can
be addressed in line with the WHO recommendations [40] by
ensuring proper management of the technology (eg, regulation

and maintenance) and involving the end user at every step of
developing the solution. HCPs will help define the appropriate
way of introducing new technology to patients and their peers,
as well as how to train them for proper use. These measures
aim to derisk the deployment of the technology and contribute
to overcoming pilotitis.
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Abstract

Background: Cancer is a life-threatening disease and a leading cause of death worldwide, with an estimated 611,000 deaths
and over 2 million new cases in the United States in 2024. The rising incidence of major cancers, including among younger
individuals, highlights the need for early screening and monitoring of risk factors to manage and decrease cancer risk.

Objective: This study aimed to leverage explainable machine learning models to identify and analyze the key risk factors
associated with breast, colorectal, lung, and prostate cancers. By uncovering significant associations between risk factors and
these major cancer types, we sought to enhance the understanding of cancer diagnosis risk profiles. Our goal was to facilitate
more precise screening, early detection, and personalized prevention strategies, ultimately contributing to better patient outcomes
and promoting health equity.

Methods: Deidentified electronic health record data from Medical Information Mart for Intensive Care (MIMIC)–III was used
to identify patients with 4 types of cancer who had longitudinal hospital visits prior to their diagnosis presence. Their records
were matched and combined with those of patients without cancer diagnoses using propensity scores based on demographic
factors. Three advanced models, penalized logistic regression, random forest, and multilayer perceptron (MLP), were conducted
to identify the rank of risk factors for each cancer type, with feature importance analysis for random forest and MLP models. The
rank biased overlap was adopted to compare the similarity of ranked risk factors across cancer types.

Results: Our framework evaluated the prediction performance of explainable machine learning models, with the MLP model
demonstrating the best performance. It achieved an area under the receiver operating characteristic curve of 0.78 for breast cancer
(n=58), 0.76 for colorectal cancer (n=140), 0.84 for lung cancer (n=398), and 0.78 for prostate cancer (n=104), outperforming
other baseline models (P<.001). In addition to demographic risk factors, the most prominent nontraditional risk factors overlapped
across models and cancer types, including hyperlipidemia (odds ratio [OR] 1.14, 95% CI 1.11‐1.17; P<.01), diabetes (OR 1.34,
95% CI 1.29‐1.39; P<.01), depressive disorders (OR 1.11, 95% CI 1.06‐1.16; P<.01), heart diseases (OR 1.42, 95% CI
1.32‐1.52; P<.01), and anemia (OR 1.22, 95% CI 1.14‐1.30; P<.01). The similarity analysis indicated the unique risk factor
pattern for lung cancer from other cancer types.

Conclusions: The study’s findings demonstrated the effectiveness of explainable ML models in assessing nontraditional risk
factors for major cancers and highlighted the importance of considering unique risk profiles for different cancer types. Moreover,
this research served as a hypothesis-generating foundation, providing preliminary results for future investigation into cancer
diagnosis risk analysis and management. Furthermore, expanding collaboration with clinical experts for external validation would
be essential to refine model outputs, integrate findings into practice, and enhance their impact on patient care and cancer prevention
efforts.

(JMIR Cancer 2025;11:e62833)   doi:10.2196/62833

KEYWORDS

electronic health record; EHR; cancer risk modeling; risk factor analysis; explainable machine learning; machine learning; ML;
risk factor; major cancers; monitoring; cancer risk; breast cancer; colorectal cancer; lung cancer; prostate cancer; cancer patients;
clinical decision-making
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Introduction

Cancer is a life-threatening disease and leading cause of death
worldwide. In 2024, 611,000 people were estimated to have
died from cancer in the United States, and the estimated new
cancer cases will reach more than 2 million for the first time
[1]. This surge includes rising incidence rates for major cancers,
including breast, prostate, lung, and colorectal cancers, which
display the trend of increasingly affecting younger individuals
who have many more years of life expectancy [1]. The US
Preventive Services Task Force modified the recommended age
for colorectal cancer screening from 50 to 45 years for people
at average risk in 2021 and adjusted the recommendation for
breast cancer screening for all women to start at the age of 40
years in 2024 [2,3]. Similar upward trends in the incidence of
early-onset cancers are observed in other high-income countries,
suggesting shared risk factors and exposures across these
regions. However, besides those uncontrollable risk factors,
such as previous cancer diagnosis, family history of cancer, and
genetics or inherited cancer syndrome, many cancer risk factors,
including lifestyle factors, are modifiable and can be managed
to decrease people’s risk for cancer [4].

Extensive evidence highlights the potential benefits of early
identification of individuals at high risk for cancer, which can
contribute to improved prevention, more effective treatment,
reduced cancer burden, and better long-term outcomes.
However, demonstrating a clear survival advantage [5] from
screening remains challenging, with notable exceptions such
as cervical cancer [6]. It is essential to address biases like
lead-time and length bias in screening, as they can overestimate
its benefits, ensuring accurate evaluations [7]. In the context of
breast cancer, it was estimated that early access to treatment
services following breast cancer screening could have reduced
breast cancer mortality by 25%‐40% [8]. Given the tremendous
benefits of early identification of high-risk patients, an
increasing number of cancer risk prediction models have been
developed [9]. However, Traditional models used for cancer
risk prediction, such as logistic regression (LR) and Cox
regression, often demonstrate moderate discrimination accuracy,
with an area under the receiver operating characteristic curve
(AUC) ranging from 0.53 to 0.64 [10-13]. These models
frequently emphasize family history and may have limited
generalizability, potentially introducing biases when applied to
specific subpopulations [14,15]. Furthermore, nontraditional
risk factors, such as chronic diseases, are often overlooked,
despite evidence suggesting that chronic conditions can elevate
cancer risk similarly to lifestyle factors [16]. This highlights
the need for more advanced methods to enhance cancer
diagnosis risk prediction and support effective cancer prevention
strategies.

Machine learning has shown promising potential in cancer
prediction by leveraging electronic health record (EHR) data
to identify risk factors [17]. Current applications range from
developing predictive models for early cancer detection to
personalized treatment recommendations and outcome
predictions, based on various patient characteristics and
biomarkers. Despite these advancements, several challenges
remain in cancer prediction using machine learning [18]. A key

issue is the need for a deeper understanding of risk factors within
and across different cancer types [19]. As research progresses,
explainable machine learning offers a meaningful step forward
in improving the efficacy and transparency of predictive models
[20-22]. These models not only enhance predictive accuracy
but also provide interpretable insights into how predictions are
made, fostering trust and facilitating clinical decision-making
[23]. By systematically identifying and excluding irrelevant
features, explainable approaches can reduce noise and streamline
the prediction process. However, it is important to recognize
that feature selection algorithms can be sensitive to dataset
characteristics, where small changes in the data may lead to
differing results [24]. This underscores the importance of
carefully selecting features that are most relevant, contributing
to a deeper understanding of cancer diagnosis risk factors and
improving predictive performance.

Hence, this study presented comprehensive research aimed at
uncovering the association between pivotal factors and the risks
of 4 major cancer diagnoses (breast, prostate, lung, and
colorectal) through the use of explainable machine learning
techniques on penalized LR, random forest (RF), and multilayer
perceptron (MLP). Our primary objective was to pinpoint the
significant features that exert an influence on the risks associated
with the diagnosis of these major cancers and to delineate the
patterns of risk factors corresponding to each cancer type. Such
insights can contribute to enhanced risk monitoring and patient
stratification and provide valuable support for clinicians in their
decision-making processes, ultimately improving the quality
patient care. By elucidating these critical factors and their
associated risk factor patterns, we provided clinicians valuable
insights through rigorous analysis for enhancing risk monitoring
and patient care across various cancer types.

Methods

Experimental Dataset
Our study was conducted using data from Medical Information
Mart for Intensive Care (MIMIC)–III, a comprehensive,
structured, longitudinal EHR dataset that is publicly available
[25]. This dataset contains deidentified, detailed clinical data
from intensive care unit (ICU) admissions between 2001 and
2012 at Beth Israel Deaconess Medical Center in Boston,
Massachusetts, and is accessible to the global research
community under a data use agreement. We used the most recent
version (v2.0 released in January 2023) for this work which
contains a broad spectrum of data, including information on
individual patients’health and health care from various inpatient
and outpatient visits, such as diagnoses, prescriptions, lab tests,
and procedures. These visits include emergency room
admissions and subsequent hospital transfers, where a patient’s
transfer to a ward or subsequent re-admission to the ICU within
the same hospitalization period was considered a single visit.
In total, this dataset contains 58,976 admissions of 46,520
patients.

Additionally, we investigated the health status and prevalence
of a few common chronic diseases for the MIMIC-III dataset,
compared with the prevalence of these chronic diseases in the
US population. The MIMIC-III dataset shows that hypertension
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affects 47.97% of ICU patients, while in the US population,
prevalence ranges from 46.9% to 49.4% [26,27]. Diabetes
mellitus is present in 21.20% of MIMIC-III patients, whereas
it affects 11.6% of the US population and 14.7% of adults [28].
Hypercholesterolemia appears in 14.94% of ICU cases, with
US estimates between 10% and 11.4% [29,30]. Congestive heart
failure is recorded in 27.38% of MIMIC-III patients, while the
lifetime risk in the US is 24% [31]. Esophageal reflux affects
15.33% of ICU patients and 20% of people in the US [32].
Pneumonia is diagnosed in 12.46% of ICU patients, while 24.9%
of US adults have reported cases [33]. Anemia affects 14.02%
of ICU patients, while 5.6% of the US population has the
condition [34]. Acquired hypothyroidism is observed in 10.71%
of MIMIC-III patients and 4.6% of US adults [35]. Tobacco
use is recorded in 7.76% of ICU cases, while 19.8% of US adults
report smoking [36]. Depressive disorders affect 8.17% of ICU
patients, while 9.5% of American adults have been diagnosed
[37]. Chronic airway obstruction is reported in 10.24% of
MIMIC-III cases, while national estimates range from 6.0% to
6.1% [38].

Data Preprocessing
We included patients with 4 types of cancers (breast, colorectal,
lung, and prostate) identified using International Classification
of Diseases, Ninth Revision (ICD-9) codes associated with the
diagnosis of each type of cancer (Table S1 in Multimedia
Appendix 1).

We took a few steps to preprocess the experimental dataset,
starting with the consolidation of 3 main tables from the
MIMIC-III database. These included: (1) foundational patient
information, capturing demographics and initial hospital
admission data; (2) a reference table for ICD-9 codes, detailing
both codes and corresponding diagnostic labels; and (3) logs of
patient visit sequences with associated ICD-9 codes. This
consolidation linked the records via patient IDs to construct a
detailed longitudinal dataset. Figure 1 illustrates the data
processing workflow of this study. Patients’ ages were
determined by deducting their date of birth from their initial
hospital admission date, with the result rounded to the nearest
year. Any patient records missing demographic details (such as
ethnicity, marital status, or religion) were omitted, narrowing
the dataset to a total of 21,372 unique individuals. Our study
focused on patients who had multiple hospital visits prior to
their cancer diagnosis presence in the record to identify potential
risk factors. After a cancer diagnosis code was recognized,
further visits were disregarded. These records were combined
with those of patients without a cancer diagnosis. A label was
created as 1 if a visit included an ICD-9 code for a cancer
diagnosis and 0 if not. To ensure a balanced dataset in terms of
cancer diagnosis, the study matched patients diagnosed with
cancer with those without cancer using propensity score
matching based on demographic factors. Table 1 contains a
detailed description of patient characteristics for 4 cancer types.
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Figure 1. Medical Information Mart for Intensive Care (MIMIC)–III data processing pipeline. EHR: electronic health record; ICD-9: International
Classification of Diseases, Ninth Revision.
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Table . Characteristics of patients for 4 types of cancer.

Prostate cancer (n=104)Lung cancer (n=398)Colorectal cancer (n=140)Breast cancer (n=58)

Without can-
cer (n=52)

With cancer
(n=52)

Without can-
cer (n=199)

With cancer
(n=199)

Without can-
cer (n=70)

With cancer
(n=70)

Without can-
cer (n=29)

With cancer
(n=29)

73.5 (52-88)74.5 (52-88)69 (39‐87)69 (39‐88)75.5 (29-87)76 (21‐87)60 (39‐86)60 (40‐86)Age (years),
median
(range)

Sex, n (%)

0 (0)0 (0)83 (41.7)93 (46.7)33 (47.1)35 (50.0)27 (93.1)27 (93.1)Female

52 (100)52 (100)116 (58.3)106 (53.3)37 (52.9)35 (50.0)2 (6.9)2 (6.9)Male

Race, n (%)

39 (75.0)41 (78.8)157 (78.9)162 (81.4)52 (74.3)51 (72.9)21 (72.4)20 (69.0)White

13 (25.0)11 (21.2)42 (21.1)37 (18.6)18 (25.7)19 (27.1)8 (27.6)9 (31.0)Non-White

Marital status,

n (%)a

32 (61.5)31 (59.6)113 (56.8)109 (54.8)41 (58.6)37 (52.9)15 (51.7)16 (55.2)Married

20 (38.5)21 (40.4)86 (43.2)90 (45.2)29 (41.4)33 (47.1)14 (48.3)13 (44.8)Not married

Religion, n
(%)

19 (36.5)19 (36.5)107 (53.8)111 (55.8)31 (44.3)35 (50.0)13 (44.8)15 (51.7)Catholic

10 (19.2)11 (21.2)31 (15.6)33 (16.6)18 (25.7)17 (24.3)7 (24.1)7 (24.1)Jewish

17 (32.7)16 (30.8)38 (19.1)42 (21.1)11 (15.7)14 (20.0)7 (24.1)7 (24.1)Protestant
Quaker

6 (11.5)6 (11.5)23 (11.6)13 (6.5)10 (14.3)4 (5.7)3 (10.3)0 (0)Other

ICUb visits, n

1.52.51.62.61.52.61.52.5Mean

5712106655Maximum

12121212Minimum

ICD-9c codes
for each pa-
tient, n

1530152616271425Mean

6663968271816851Maximum

45263933Minimum

aCategories of marital status include “single”, “divorces”, “widowed”, and “separated”.
bICU: intensive care unit.
cICD-9: International Classification of Diseases, Ninth Revision.

Feature Selection
Our experiment’s initial dataset comprised thousands of
diagnosis codes intended for predicting cancer diagnosis risk.
Aware of some features’ potential redundancy and less
informative nature, we did a feature selection process. This
involved assessing the relevance and importance of each feature
in relation to 4 specific types of cancer. We performed a
correlation-based feature selection process to identify a subset
of features that were highly correlated with the target cancer
outcomes. This was followed by a thorough review of relevant
literature and consultation with experts to validate and refine
the selected features.

Framework
In this work, we applied 3 advanced models, penalized LR, RF,
and MLP, based on their demonstrated accuracy and robustness
in handling high-dimensional datasets. RF and MLP excel at
identifying complex, nonlinear interactions among variables
without requiring predefined interaction terms. This capability
is crucial for analyzing interactions between risk factors and
cancer outcomes. Our choice of RF and MLP was determined
by a desire to balance complexity with interpretability, as well
as to ensure computational efficiency. Both methods are
straightforward and offer high interpretability, which makes
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them excellent foundational models for exploring how different
features influence cancer diagnosis risk.

Since the task aimed at forecasting cancer diagnosis risk by
considering important and relevant risk factors, we evaluated
the efficacy of our methodologies by employing several critical
performance metrics: AUC, accuracy, specificity, sensitivity,
and the F1-score for each model. We partitioned the dataset into
3 sections for model development: 70% for training, 10% for
validation, and 20% for testing. The model that exhibited the
best results on the validation set was further subjected to an
in-depth analysis of the test set, using a 3-fold cross-validation
technique to calculate its AUC precisely. To enhance our
understanding of how our machine learning models contribute
to cancer prevention, we also quantified the impact of each
feature on the prediction of 4 cancer types. We then ranked
these features according to their significance. All statistical
analyses and model implementations were coded using Python,
with the scikit-learn library serving as the foundation for our
predictive framework [39]. To assess the generalizability of the
model, we validated its performance using an independent ICU
dataset from MIMIC-IV-ED ((Medical Information Mart for
Intensive Care), which represents an extended patient
population. For each cancer type, we randomly sampled 200
cases and 200 matched controls from MIMIC-IV-ED, ensuring
no patient overlap with the MIMIC-III experimental dataset.

To investigate the similarity of features ranking by different
cancer types, we applied rank biased overlap (RBO) [40], a
similarity measure of 2 ranked lists. The RBO score ranges
between 0 and 1, where a higher score indicates greater
similarity between the lists. A score of 1 implies perfect overlap,
meaning the 2 lists are identical in both order and content. On
the other hand, a score of 0 suggests no overlap between the
lists.

Mathematically, let xi be the high-dimensional feature input.
Let yi∈{0,1} be the corresponding label. yi=0 means not
affected, and yi=1 means affected. Our goal is to learn a
predictive function f that best classifies the data. We built 3
state-of-the-art models for 4 cancer types respectively in this
study:

• Penalized LR: given M training instances, we considered
L1 regularized LR by minimizing the following function:
∑i=1M−loglogp(x(i);θ)+β||θ||1.

• RF [41]: a robust ensemble learning method that constructs
multiple decision trees during training to improve prediction
accuracy and prevent overfitting, where f is the decision
tree as base learners. The RF model was trained by

iteratively selecting features from root to leaf nodes and
aggregating multiple trees with the weights from a subset
of the training instances. The nodes and the weights in the
model reflect their importance to the final prediction.

• MLP [42]: a type of artificial neural network that consists
of at least 3 layers of nodes: an input layer, one or more
hidden layers, and an output layer. Each node, or artificial
neuron, in one layer, connects with a certain weight to every
node in the following layer, and nodes do not connect within
the same layer. The nonlinear activation functions, such as
the sigmoid, or Rectified Linear Unit, are applied to the
weighted sum of inputs to a neuron, determining its output
signal.

To rank the impact on predictive models of the features, relative
to all 3 models, we used a permutation importance score to rank
all features in the training models for MLP [43]. The scores
were defined by the mean decrease in accuracy of the trained
model when each feature was permuted.

Ethical Considerations
MIMIC-III data are the result of a collaboration between Beth
Israel Deaconess Medical Center (BIDMC) and Massachusetts
Institute of Technology. Data collected at BIDMC as part of
routine clinical care are deidentified, transformed, and made
available to researchers who have completed training in human
research and signed a data use agreement. The Institutional
Review Board (HUM00230096) at the BIDMC granted a waiver
of informed consent and approved the sharing of the research
resource. This study was determined to be exempt from further
ethical review. The contributing author, XH, obtained the
necessary authorization to access the anonymized dataset and
oversaw the meticulous data extraction process.

Results

Feature Selection
We conducted a feature selection process to refine thousands
of diagnosis codes for predicting cancer diagnosis risk, using
correlation-based selection to identify the most relevant features
for 4 cancer types. Through this rigorous analysis, we aimed to
distill the dataset down to a more manageable and meaningful
subset of features. Eventually, we identified 33 features
(recategorized into 20 factors for further analysis, Table 2) that
emerged as particularly crucial for accurately predicting cancer
diagnosis risk. These features were meticulously curated,
ensuring that only the most informative and pertinent variables
were retained for our predictive models.
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Table . Features selected for predicting cancer diagnosis risks.

FactorsFeatures

AcidosisAcidosis

Acute kidney failureAcute kidney failure, unspecified

AgeAge

AnemiaAnemia, unspecified

AnemiaAcute posthemorrhagic anemia

Depressive disorderDepressive disorder, not elsewhere classified

DiabetesDiabetes mellitus without mention of complication, type II or unspecified
type, not stated as uncontrolled

Esophageal refluxEsophageal reflux

EthnicityEthnicity

GenderGender

Heart diseaseCardiac complications, not elsewhere classified

Heart diseaseAortocoronary bypass status

Heart diseaseCoronary atherosclerosis of native coronary artery

Heart diseaseOld myocardial infarction

Heart diseaseCongestive heart failure, unspecified

Heart diseaseAtrial fibrillation

Heart diseaseSubendocardial infarction, initial episode of care

HyperlipidemiaPure hypercholesterolemia

HyperlipidemiaOther and unspecified hyperlipidemia

HypertensionUnspecified essential hypertension

HypotensionOther iatrogenic hypotension

HypothyroidismUnspecified acquired hypothyroidism

Marital statusMarital status

ReligionReligion

Respiratory or pulmonary diseasesAcute respiratory failure

Respiratory or pulmonary diseasesUnspecified pleural effusion

Respiratory or pulmonary diseasesPneumonia, organism unspecified

Respiratory or pulmonary diseasesPneumonitis due to inhalation of food or vomitus

Respiratory or pulmonary diseasesPulmonary collapse

Respiratory or pulmonary diseasesChronic airway obstruction, not elsewhere classified

SepsisUnspecified septicemia

Tobacco usePersonal history of tobacco use

Urinary tract infection (UTI)Urinary tract infection, site not specified

Model Performance
For each predicted cancer outcome, we carried out the
experiment by predicting cancer using the entire diagnosis
history of the patient by building LR, RF, and MLP models.
Table 3 illustrates the accuracy, specificity, sensitivity, and
F1-score of these 3 models for breast, colorectal, lung, and
prostate cancers. Figure 2 shows the receiver operating
characteristic plots of 3 models for 4 types of cancer,
respectively. Both Table 3 and Figure 2 show that within the 3

models, MLP performs the best, RF falls in the middle, and LR
ranks last. It is worth noting that MLP achieved an AUC of 0.78
for breast cancer, 0.76 for colorectal cancer, 0.84 for lung
cancer, and 0.78 for prostate cancer, demonstrating a higher
AUC over traditional risk factor-based models and a statistically
significant superiority over random chance. The underwhelming
results from the LR model led us to investigate the complexity
of risk factors for prediction. Compared with LR, MLP reveals
the intricate, nonlinear associations between risk factors and
the likelihood of cancer, offering meaningful insights into the
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collective influence of these risk factors on cancer diagnosis risk.

Table . Comparison of model performance across 4 types of cancer on Medical Information Mart for Intensive Care (MIMIC)–III.

Prostate cancerLung cancerColorectal cancerBreast cancer

MLPRFLRMLPRFLRMLPRFLRMLPcRFbLRa

0.780.720.590.830.800.740.760.700.600.780.730.56Accuracy

0.840.800.530.870.920.610.810.610.670.800.700.45Specifici-
ty

0.720.650.650.800.680.850.730.800.540.750.750.71Sensitivi-
ty

0.760.710.630.840.780.780.790.700.600.750.750.56F1-score

aLR: logistic regression.
bRF: random forest.
cMLP: multilayer perceptron.

Figure 2. Area under the receiver operating characteristic curve (AUC) performance of the 3 binary classification models (logistic regression [LR],
random forest [RF], and multilayer perceptron [MLP]). The figure shows AUC curves of breast cancer, colorectal cancer, lung cancer, and prostate
cancer for LR, RF, and MLP, respectively.

Additionally, Table S2 in Multimedia Appendix 1 presents the
AUC, accuracy, specificity, sensitivity, and F1-score for the 3
models across breast, colorectal, lung, and prostate cancers.

Among the models evaluated, MLP demonstrated the highest
performance, achieving an AUC of 0.88 for breast cancer, 0.83
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for colorectal cancer, 0.90 for lung cancer, and 0.85 for prostate
cancer.

Feature Importance Analysis
We analyzed the feature importance for each cancer type further
to investigate the potential impact of risk factors on cancer.
Tables 4 and 5 present the feature importance analysis of RF
and MLP, showcasing the top-ranked risk factors for each type
of cancer. The ranks of these factors were relatively different
by model and cancer type, although some consistency can be
observed across cancer types. Age emerged as the top risk factor
across all 4 types of cancer; race/ethnicity ranked among the
top 10 factors for all cancers from all models except for the
RF-based lung cancer and prostate cancer models; gender was
ranked among the top 10 in MLP-based models but not in any
RF-based models; marital status and religion were presented
for some types of cancer in some of the models; and tobacco
use as an important factor for patients with lung and prostate
cancer exclusively. However, all these demographic risk factors
were included in the top 20 factors for all cancer types (Table
S3 in Multimedia Appendix 1). Similarly, RF-based models
identified hypertension, heart diseases, respiratory/pulmonary
diseases, and acute kidney failure as the common top risk factors
for all types of cancers, while MLP-based models highlighted
hyperlipidemia, diabetes, depressive disorder, and heart diseases.
We calculated the odds ratio (OR) for each highlighted feature

to assess its association with overall cancer diagnosis risk across
4 cancer types. The results indicated that hyperlipidemia had
an OR of 1.14 (95% CI 1.11‐1.17; P<.001), while diabetes
showed a stronger association with an OR of 1.34 (95% CI
1.29‐1.39; P<.01). Similarly, depressive disorders were linked
to an OR of 1.11 (95% CI 1.06‐1.16 P<.01), and heart diseases
exhibited the highest association with an OR of 1.42 (95% CI
1.32‐1.52; P<.01). Last, anemia was also significantly
associated with cancer diagnosis risk, with an OR of 1.22 (95%
CI 1.14‐1.30; P<.01). These findings suggest a statistically
significant relationship between these conditions and an
increased risk of developing these 4 types of cancer. In
MLP-based models, respiratory/pulmonary diseases and acute
kidney failure were only presented as the top 10 for lung cancer.
Both RF and MLP-based models pinpointed anemia as the top
risk for breast cancer. Figure 3 shows the RBO similarity scores
of risk factors for 4 types of cancer according to MLP-based
models. Low similarity scores are presented between lung cancer
and any other 3 cancer types, all around 0.58, suggesting distinct
patterns of risk factors associated with lung cancer. Risk factors
for breast and prostate cancers show the most similar ranking
with an RBO similarity score of 0.76. A moderate similarity
score between colorectal and breast cancers is about the same
as the score between colorectal and prostate cancer, both around
0.70.

Table . Top-10 ranked features generated across 4 different cancer types in random forest.

Prostate cancerLung cancerColorectal cancerBreast cancerRanking

AgeAgeAgeAge1

HypertensionHypertensionRespiratory or pulmonary

diseasesa
Hypertension2

ReligionReligionHypertensionReligion3

Heart diseasescHyperlipidemiaAcute kidney failureMarital status4

Marital statusHeart diseasesDiabetesRespiratory or pulmonary
diseases

5

UTIcAcute kidney failureHeart diseasesHeart diseases6

Respiratory or pulmonary
diseases

UTIHyperlipidemiaRace or ethnicity7

AnemiaRespiratory or pulmonary
diseases

Race or ethnicityDepressive disorders8

HyperthyroidismMarital statusReligionAcute kidney failure9

DiabetesAnemiaAcidosisAnemia10

aRespiratory or pulmonary diseases include pneumonia, acute respiratory failure, chronic airway obstruction, and other respiratory or pulmonary
complications.
bHeart diseases include atrial fibrillation, myocardial infarction, congestive heart failure, coronary atherosclerosis, and other cardiac complications.
cUTI: urinary tract infection.
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Table . Top-10 ranked features generated across 4 different cancer types in multilayer perceptron.

Prostate cancerLung cancerColorectal cancerBreast cancerRanking

AgeTobacco useAgeAge1

GenderAgeDiabetesGender2

Race or ethnicityRespiratory or pulmonary

diseasesa
AnemiaHyperlipidemia3

Tobacco useGenderAcidosisHeart diseasesb4

DiabetesRace or ethnicityHyperlipidemiaRace or ethnicity5

HyperlipidemiaDiabetesSepsisMarital status6

Heart diseasesHyperlipidemiaGenderDepressive disorder7

Marital statusHypertensionRace or ethnicityReligion8

ReligionHeart diseasesMarital statusAnemia9

Depressive disorderAcute kidney failureDepressive disorderHypothyroidism10

aRespiratory or pulmonary diseases include pneumonia, acute respiratory failure, chronic airway obstruction, and other respiratory or pulmonary
complications.
bHeart diseases include atrial fibrillation, myocardial infarction, congestive heart failure, coronary atherosclerosis, and other cardiac complications.

Figure 3. Rank biased overlap similarity score of risk factors for 4 cancer types. A high value represents high similarity, and a low value represents
low similarity of risk factor ranks between 2 cancer types.
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Discussion

Principal Findings
This study used comprehensive patient diagnosis histories to
evaluate the association between key risk factors and cancer
outcomes and identify risk factor patterns across different cancer
types using penalized LR, RF, and MLP models. The analysis
identified the top-ranking risk factors, including nontraditional
risk factors such as the diagnosis of hyperlipidemia, diabetes,
depressive disorders, heart diseases, and anemia, in addition to
demographic factors such as age, sex, race/ethnicity, for the
most prevalent 4 types of cancer, including breast, colorectal,
lung, and prostate cancers. The model performance evaluation
revealed the valuable potential of neural network-based models,
especially MLPs, in oncology for predicting cancer diagnosis
risks across cancer types. MLPs exhibit a strong capability to
model complex, nonlinear interactions among diverse risk
factors, making them potentially valuable tools for identifying
patterns in cancer diagnosis risk and informing early detection
strategies. However, their application in clinical interventions
should be guided by a solid scientific rationale and supported
by pathological models that explain the role of these risk factors
in disease development. Additionally, validation across different
cohorts and, ideally, prospective studies are necessary to ensure
their reliability and clinical utility. This advantage is particularly
important given the model’s capacity to integrate and interpret
the intricate relationships between clinical factors present in
EHRs. In contrast to simpler models like LR, which struggle
with the multidimensional nature of risk factors on cancer
diagnosis in many cases, MLPs offer a more detailed and
comprehensive analysis, enhancing our understanding of how
these factors collectively impact cancer diagnosis risk and
improving the precision of preventive strategies in clinical
settings. Last, this study does not aim to establish causal
inference but rather to examine significant overlapping risk
factors that may contribute to cancer diagnosis risk, particularly
those observed in patients with other medical conditions. While
these diagnoses are not independent causal determinants of
cancer, their presence may be associated with an increased risk.
Careful consideration of these associations is essential for a
comprehensive understanding of cancer risk factors and their
potential interactions.

Comparison to Prior Work
Prior cancer risk prediction models usually focus on lifestyle
factors like smoking, diet, alcohol consumption, physical
activity, and sun exposure as key variables [44-46]. Some
models have also incorporated genetic risk factors [47,48].
However, many of these models reported less optimal
performance, such as a high specificity but low sensitivity [46]
or a low AUC of around 0.65 [48]. Chronic diseases are often
overlooked as risk factors for cancer, and they are not often
targeted in cancer prevention strategies. The association between
some of these diseases and cancers may partly be due to shared
risk factors, such as aging, obesity, diet, and physical inactivity.
However, they can also be independent risk factors for cancer.
For example, diabetes mellitus has been identified as an
independent risk factor for colon and rectal cancer in a
meta-analysis of studies that either controlled for smoking and

obesity, or smoking, obesity, and physical exercise [49]. As
nontraditional risk factors, the influence of certain chronic
conditions on cancer has been brought to researchers’ attention
in the past decade. A prospective cohort study with 405,878
participants followed for an average of 8.7 years demonstrated
that 8 common chronic diseases accounted for more than 20%
of cancer risk, which are comparable to 5 major lifestyle factors,
such as smoking and lack of physical activity [16]. These 8
chronic diseases or markers included blood pressure, total
cholesterol, heart rate, diabetes, proteinuria, glomerular filtration
rate, pulmonary disease, and gouty arthritis marker [16].
However, as these diseases or markers were pre-selected by the
researchers based on their disease burden worldwide, some
other essential influential conditions might be missed. Our
models confirmed most of these 8 diseases as the top-ranking
risk factors. Additionally, some new conditions were revealed
in our models among the top 10 factors for 4 types of cancer,
such as depressive disorder, anemia, hypothyroidism, sepsis,
urinary tract infection, and acidosis, which encourages further
exploration. Certainly, some of these diagnoses may be directly
related to the cancer itself. For example, anemia is a common
symptom of metastatic breast cancer and a side effect of
chemotherapy [50]. In addition, sepsis and colorectal cancer
have demonstrated a complex relationship and may have shared
pathophysiological traits and potential bacterial associations
reported by the literature [51]. Notably, tobacco use and
respiratory/pulmonary diseases emerged as pivotal risk factors,
specifically for lung cancer, which is not surprising based on
our knowledge in the field. Diabetes and anemia were
highlighted as significant risk factors for colorectal cancer,
which is congruent with the literature [52,53]. Iron deficiency
has been recognized long-term as an independent predictor of
colorectal cancer, which may be due to chronic blood loss from
the gastrointestinal tract and the inflammation associated with
malignancy [54,55]. These conditions could have shared risk
factors with cancer. However, emerging evidence implies that
they may have more complicated relationships, including shared
pathophysiological mechanisms that need further exploration
[56]. Moreover, cancer prevention strategies should consider
the impact of comorbid conditions on the incidence of cancer
and particularly their joint impact on cancer risks [53].

Understanding the relationships between various risk factors
and cancer diagnosis risk is pivotal for the early detection and
prevention of cancer. In this context, our feature importance
analysis using RF and MLP models pinpointed critical risk
factors for different cancer types and explored patterns of these
risk factors across various cancers. Although the ranks of risk
factors for cancers were slightly different by the RF and
MLP-based models, similar patterns were presented among the
top 10 factors (Tables 4 and 5), which are interpretable and
supported by the literature. Both models highlighted age as the
predominant risk factor across all 4 types of cancer, which is
evident that as age increases, the incidence rates for cancer
overall climb steadily, and alongside age, demographic variables
such as gender, race/ethnicity, marital status, and religion
emerged within the top 10 features [57]. Racial/ethnic disparities
in cancer incidence and outcomes are well-known. Employing
culturally tailored community awareness and education
programs may increase cancer screening to improve early-stage
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diagnoses and modify risk behaviors for cancer prevention [58].
Although there may not be existing evidence to confirm that
marital status is an independent risk factor for cancer,
observational studies demonstrate that married status is
associated with reduced risk of cancer-specific and all-cause
mortality [59,60]. Religion and spirituality are important in
patient cancer care, and specifically, a systematic review
suggests a positive association between religious attendance
and cancer screening use [61]. Our models not only confirmed
the significance of these risk factors for each cancer type but
also our RF-based model facilitated an interpretable analysis,
allowing us to clearly rank the significance of each risk factor,
while the MLP-based model provided deeper insights into
complex, nonlinear interactions among the risk factors. This
approach enriches our understanding of how specific risk factors
influence cancer diagnosis, enhancing the potential for
developing tailored intervention strategies that address the
unique risk profiles associated with different cancer types and
potentially shared risk patterns across prevalent cancer types.

The analysis of the similarity among risk factors for the
diagnosis of 4 types of cancer also revealed interesting findings.
As breast and prostate cancer are both hormone-dependent
cancers, it is understandable that their importance-ranked risk
factors share a high level of similarity. However, lung cancer
had more unique ranked risk factors than other types of cancer,
which may be because lung cancer is more sensitive to
environmental risk factor exposure. The findings from our
analysis underscore the shared risk factors and heterogeneous
nature of cancer and highlight the importance of considering
unique risk profiles for different cancer types. This also urges
us to address the fundamental mechanism of risk factors leading
to cancers. Such insights are crucial for developing tailored
prevention strategies, optimizing screening protocols, and
informing personalized treatment approaches to mitigate the
burden of lung cancer and improve patient outcomes.

Limitations
First, the use of the MIMIC-III dataset in this study on
explainable machine learning for cancer risk prediction presents
certain limitations that may impact the generalizability of the
findings, Since the data are derived from ICU patient records,
it primarily represents individuals with severe conditions, and
the available ICD codes may not fully capture disease
complexity, potentially leading to incomplete representations
of patient conditions. Additionally, the limited sample size for

patients with cancer may impact predictive performance and
increase the risk of overfitting. Both limitations may affect the
generalizability of the findings. To enhance the robustness of
future research, integrating more recent and varied data sources
and validating findings across different cohorts are essential
steps. Second, one limitation comes from the application of
explainable machine learning models for cancer risk prediction.
Employing advanced techniques like penalized LR, RF, and
MLP, this research seeks to optimize predictive accuracy.
However, each model inherently embodies trade-offs: while
more complex models, such as multi-layer perceptron, may
enhance performance, they often compromise on interpretability.
This presents significant challenges in clinical settings, where
understanding the reasoning behind model predictions is crucial
for acceptance and trust by medical practitioners. Third, another
limitation of this study arises from the inherent nature of
machine learning models, which are primarily designed to detect
correlations in data and associations between features and the
outcome rather than establish causal relationships. These models
rely on the quality and comprehensiveness of the input data,
and while they can reveal significant associative patterns, they
do not focus on differentiating whether the associations observed
are causal. Meanwhile, given the limited availability of patient
lifestyle and socioeconomic information, additional factors
related to social determinants of health, such as socioeconomic
status, employment, and family size, can be considered as
potential confounders within the model for future improvement.
To address all the above, future work should integrate causal
inference frameworks to validate the relationships suggested
by the machine learning predictions and provide insights into
underlying mechanisms.

Conclusions
In conclusion, our study established a predictive framework
using EHR data to assess the association between risk factors
and cancer outcomes using explainable ML models across major
cancer types. We reported critical nontraditional chronic
condition risk factors in addition to common demographic risk
factors and outlined distinct patterns for each of the 4 cancer
types studied. Additionally, we explored the similarities and
differences in risk factor patterns across these cancers. These
insights contribute to a better understanding of cancer risk
profiles and benefit in improving cancer diagnosis and risk
monitoring, offering supportive guidance for clinical
decision-making.
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Abstract

Background: In low- and middle-income countries, cervical cancer remains a leading cause of death and morbidity for women.
Early detection and treatment of precancerous lesions are critical in cervical cancer prevention, and colposcopy is a primary
diagnostic tool for identifying cervical lesions and guiding biopsies. The transformation zone (TZ) is where a stratified squamous
epithelium develops from the metaplasia of simple columnar epithelium and is the most common site of precancerous lesions.
However, inexperienced colposcopists may find it challenging to accurately identify the type and location of the TZ during a
colposcopy examination.

Objective: This study aims to present an artificial intelligence (AI) method for identifying the TZ to enhance colposcopy
examination and evaluate its potential clinical application.

Methods: The study retrospectively collected data from 3616 women who underwent colposcopy at 6 tertiary hospitals in China
between 2019 and 2021. A dataset from 4 hospitals was collected for model conduction. An independent dataset was collected
from the other 2 geographic hospitals to validate model performance. There is no overlap between the training and validation
datasets. Anonymized digital records, including each colposcopy image, baseline clinical characteristics, colposcopic findings,
and pathological outcomes, were collected. The classification model was proposed as a lightweight neural network with multiscale
feature enhancement capabilities and designed to classify the 3 types of TZ. The pretrained FastSAM model was first implemented
to identify the location of the new squamocolumnar junction for segmenting the TZ. Overall accuracy, average precision, and
recall were evaluated for the classification and segmentation models. The classification performance on the external validation
was assessed by sensitivity and specificity.

Results: The optimal TZ classification model performed with 83.97% classification accuracy on the test set, which achieved
average precision of 91.84%, 89.06%, and 95.62% for types 1, 2, and 3, respectively. The recall and mean average precision of
the TZ segmentation model were 0.78 and 0.75, respectively. The proposed model demonstrated outstanding performance in
predicting 3 types of the TZ, achieving the sensitivity with 95% CIs for TZ1, TZ2, and TZ3 of 0.78 (0.74-0.81), 0.81 (0.78-0.82),
and 0.8 (0.74-0.87), respectively, with specificity with 95% CIs of 0.94 (0.92-0.96), 0.83 (0.81-0.86), and 0.91 (0.89-0.92), based
on a comprehensive external dataset of 1335 cases from 2 of the 6 hospitals.

Conclusions: Our proposed AI-based identification system classified the type of cervical TZs and delineated their location on
multicenter, colposcopic, high-resolution images. The findings of this study have shown its potential to predict TZ types and
specific regions accurately. It was developed as a valuable assistant to encourage precise colposcopic examination in clinical
practice.

(JMIR Cancer 2025;11:e69672)   doi:10.2196/69672
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Introduction

Cervical cancer remains the fourth most prevalent cancer among
women worldwide [1], and it continues to be a leading cause
of morbidity and mortality threatening women’s health. Since
cervical precancerous lesions often progress to invasive cancer
over an extended period, early detection is critical for cervical
cancer prevention. Colposcopy serves as a crucial component
of cervical cancer screening, providing a preliminary diagnosis
for patients based on screening results, which then guides
subsequent biopsy and treatment. Although it is a fundamental
technique that health care providers can easily teach and
implement, the strong subjective nature of colposcopy diagnosis
makes it difficult for colposcopists with different qualifications
to perform standardized diagnoses and make effective clinical
decisions [2,3]. Artificial intelligence (AI) diagnostic technology
could resolve the disparities in expertise among clinicians and
enhance screening efficiency [4].

The transformation zone (TZ) is where a stratified squamous
epithelium develops from the metaplasia of simple columnar
epithelium and is the most common site of precancerous lesions.
More than 90% of cervical cancers develop within the TZ [5],
making it a critical region for cervical intraepithelial neoplasia
(CIN) diagnosis and early treatment. According to the visibility
of the squamocolumnar junction (SCJ), the TZ can be classified
into three types: TZ1 (SCJ fully visible), TZ2 (SCJ fully visible
under endocervical speculum), and TZ3 (SCJ partially visible
or not visible) [6]. Accurately identifying the TZ is crucial for
diagnosing and treating cervical precancerous lesions. As the
TZ moves into the cervical canal with increasing age,
endocervical curettage (ECC) is necessary for biopsy-guided
pathology [7]. If TZ types are not classified, the importance of
ECC for the canal may be neglected, leading to missed diagnosis
of lesions during colposcopic examination. In addition, excision
of the entire TZ is a standard treatment for cervical precancerous
lesions. For excisional treatment, TZ types determine the length
and depth of the cervix to be excised. In destructive treatments,
a prerequisite is that the TZ must be either type 1 or type 2.
Therefore, the type and location of the TZ are the determinants
of treatment choices, and accurately assessing the TZ is essential
for guiding more effective biopsies and precise treatment.

However, in underserved population, the skills of colposcopists
are generally suboptimal, with colposcopic finding accuracy
being significantly lower than desired [8,9]. AI-assisted
technology could effectively enhance the competencies of
colposcopists in these underserved areas. Current evaluation
studies [10,11] have demonstrated that junior or less-experienced
colposcopists can detect abnormal cervical lesions more
effectively with AI assistance, which indicates its potential to
help reduce missed diagnoses. However, the functions of AI
cannot be limited. All colposcopic features were the indicators
for assessing colposcopist performance. Among them, the
accurate identification of TZ types is essential for implementing
effective colposcopy diagnostics and treatment procedures,

potentially reducing the number of missed diagnoses and
unnecessary biopsy procedures. However, current AI-assisted
colposcopy systems or developed AI diagnosis models do not
include TZ or SCJ detection during model conduction.
Therefore, it is essential to integrate important clinical features
into AI model training to improve colposcopy diagnosis
efficiency.

AI colposcopy diagnostic systems remain challenging to
distinguish among benign, CIN1, CIN2, and CIN3+ cases during
colposcopy examination [12-14], although they achieved over
80% accuracy in detecting high-grade squamous intraepithelial
lesions. This difficulty is attributable to the lack of specificity
in the CIN-related acetowhite staining characteristics. Typically,
normal cervical features, such as immature squamous
metaplasia, congenital TZ, inflammation, and epithelium
regeneration, may exhibit mild acetowhite reactions similar to
those associated with CIN. This similarity implies that relying
solely on acetowhite area features can easily lead to
misclassification either for AI or in less experienced
colposcopist. In AI model training, standardized annotated
images of different acetowhite morphologies or fine-grained
lesion descriptions may help with a more precise assessment of
acetowhite characteristics [15]. However, current AI-assisted
colposcopy research is constrained by the lack of standardized
annotated colposcopy images. From a clinical perspective, the
colposcopy guidelines issued by the International Federation
for Cervical Pathology and Colposcopy (IFCPC) emphasize
that CIN-related acetowhite changes are most commonly found
in the TZ, and near the new SCJ, with clear demarcation from
the surrounding epithelium [6]. Therefore, the TZ region can
be used as an indicator to identify lesion areas and can be
developed as a learned feature for diagnostic model
development, thereby resolving the problem of the lack of
annotated colposcopy images. As a result, the multiclassification
accuracy of AI-guided colposcopic diagnostic systems may be
significantly improved. Therefore, in AI model development,
accurately identifying TZ types and the SCJ is a crucial step
toward improving AI diagnostic accuracy and guiding biopsies.

In this study, an AI method is developed and validated for the
classification and delineation of the TZ. This method not only
has the potential to guide clinical colposcopic examinations in
resource-limited health care settings but also encourages the
advancement of AI-guided digital colposcopic systems. By
incorporating all colposcopic findings, such as TZ type and
features of both minor and major lesions, AI-guided digital
colposcopy could become a mature assistant for universal
clinical colposcopy examinations.

Methods

Study Patients
This retrospective study included 3616 women who underwent
colposcopy examinations across 6 multicenter hospitals in China
between January 2019 and October 2021. These hospitals were
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the Gansu Maternity and Child Healthcare Hospital, Second
Hospital of Shanxi Medical University, Shenzhen Maternity
and Child Healthcare Hospital, Jiangxi Maternity and Child
Healthcare Hospital, The Affiliated Hospital of Qingdao
University, and Chengdu Women’s and Children’s Central
Hospital. The digital clinical records, including cytology, human
papillomavirus infection status, colposcopy findings, and
pathological results, were collected. All colposcopy images
were captured using digital high-definition video colposcopes
(Zonsun Healthcare Co Ltd, Edan Instruments). Colposcopy
findings, including adequacy, SCJ visibility, TZ determination,
and provisional diagnosis, were qualified by colposcopy experts
from tertiary hospitals. The “ground truth” for TZ classification
and SCJ visibility in this study was determined by an expert
panel following IFCPC guidelines.

The inclusion criteria were as follows: (1) women with complete
colposcopy findings and pathological diagnosis, (2) ages
between 24 and 65 years, and (3) each record containing at least
5 satisfactory colposcopic images before and after acetic acid
staining. The exclusion criteria were (1) all saline solution
images (preacetic), since the TZ typically appears after acetic
acid staining; (2) poor-quality images, such as overexposed
images or those where the cervix was obscured or there was
bleeding after the biopsy; (3) inadequacy colposcopic
examination; and (4) records with missing TZ types or SCJ
visibility. For external validation, an independent dataset was
derived from The Affiliated Hospital of Qingdao University
and Chengdu Women’s and Children’s Central Hospital. The
training dataset was divided into training and test sets in an 8:2
ratio, with 10% of the training set used for validation during
model tuning.

Transformation Zone
The colposcopy procedures adhered to the standard guidelines
for Colposcopy and Treatment of Cervical Precancer [6].
Time-series images were captured for each case, including 1
original cervix image (saline solution) and at least 4 acetic
acid–stained cervix images. The classification of TZ followed
guideline criteria. TZ was classified as type 1 when it was
entirely located on the ectocervix. In type 2, TZ was partially
located within the endocervical canal, but its upper limit could
be visualized using auxiliary instruments. Type 3 TZ lies partly
or entirely inside the endocervical canal, with its upper limit
being partially or completely invisible, even with the aid of
auxiliary instruments.

Image Preprocessing
The colposcopy images were captured in high resolution.
However, they contained irrelevant objects, such as the
endocervical speculum, cotton swabs, or large regions of the
vaginal wall, which could interfere with the classification
model’s ability to extract critical features of the cervix. To
address this issue, we used the YOLOv5 network to detect the
region of interest. Its single forward pass design enables
real-time object detection with high efficiency and precision
[16,17]. The integrated cervical region was automatically
segmented and examined by a specialist (Figure 1). It divides
an image into an S×S grid cell, predicting the bounding box
locations and their associated categories. All segmented
colposcopy images were resized to 224×224 pixels to align with
the input specifications of the model.

Figure 1. Cervix region of interest detection with bounding box examples in representative images. TZ: transformation zone.

Development of the TZ Classification Model
Initially, colposcopy images were input into a detection model
to determine the cervical region, which was then preprocessed
to enhance feature extraction. These data were then applied to

a classification model to determine the types of TZ present
(Figure 2A). In the second part of the method, the original
images were annotated with new SCJ prompts to guide a general
segmentation model in inferring the potential location of the
TZ (Figure 2B).
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Figure 2. The overall inference process of the TZ identification system consists of two stages: (A) detection and extraction of the entire cervical region
from original images, followed by feature extraction using the variant MobileNetV3 and inference TZ1, TZ2, and TZ3 types; and (B) using the original
images and images with polygon of the new SCJ as prompts to FastSAM, which then outputs the mask prediction of the out-of-TZ area to infer the new
SCJ guidance line. SCJ: squamocolumnar junction; TZ: transformation zone.

We proposed a variant of the MobileNetV3 architecture for
classifying TZ, a lightweight convolutional neural network
(CNN) specifically designed for efficient operation on portable
devices, which was particularly suitable for deployment in
resource-limited settings. The overall model structure is
presented in Figure 3. Our model retained the depthwise
separable convolutions and the HardSwish (H-swish) activation
function of MobileNetV3, which reduced computational demand
and parameters without compromising accuracy. Multiscale
convolution modules have been incorporated into the model to
effectively extract features at multiple focal points (Figure 3A),
from subtle acetowhite changes in the columnar epithelium to

varying TZ-type scopes in the cervix. In addition, we introduced
a spatial pyramid pooling module to address features at multiple
scales while preserving spatial information in the input images
to ensure the richness of feature representation (Figure 3B). The
Squeeze-and-Excitation module is a lightweight attention
mechanism designed to automatically prioritize the most
diagnostically relevant visual patterns within the MobileNetV3
architecture (Figure 3C). In our model, the
Squeeze-and-Excitation module was embedded to adjust global
feature weights (Figure 3D), enhancing the overall effectiveness
of feature extraction. It increased the sensitivity to important
features, thereby improving classification performance [18].
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Figure 3. The overall architecture of the proposed model: (A) details of the multiscale convolution (MSC) module; (B) details of the Spatial Pyramid
Pooling (SPP) module; (C) structure of the Squeeze-and-Excitation (SE) block module; (D) workflow of the model that included detailed layers of the
network; and (E) structure of the inverted residuals module.

Development of the TZ Segmentation Model
The FastSAM model was used to segment the TZ from the entire
cervix in colposcopy images (Figure 2B). FastSAM was
fine-tuned for the specific dataset using a YOLO-based
framework [19]. Colposcopic images were resized to 640×640
pixels, and the new SCJ was annotated using LabelMe (MIT
CSAIL) [20]. By selectively freezing some of the backbone
layers of the model, the deeper layers were fine-tuned to improve
adaptation to the specific task, without compromising the

extraction of general features. The model’s performance was
further enhanced by using coarse masks as spatial guides, which
allowed the model to focus its attention on the most relevant
image regions. The model was trained to delineate the new SCJ,
thereby identifying possible TZ areas by this critical boundary.
TZ is a dynamic region defined by the area between the original
SCJ and the new SCJ. Typically, the original SCJ is considered
a virtual line, and identifying the new SCJ is crucial for
determining the location of the TZ (Figure 4).
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Figure 4. Illustration of the squamocolumnar junction (SCJ) and the transformation zone.

Software and Hardware
The study was performed on a Windows 11 operating system
with an NVIDIA GeForce RTX 3080 8GB graphics card. The
models were implemented using Python (version 3.6.13; Python
Software Foundation) and the PyTorch (Meta AI) Library
(version 1.7.1).

Evaluation Metrics
Experiment performance of the cervical TZ classification model
was evaluated using accuracy, precision, recall, F1-score, and
average precision, as defined in Equations 1-6.

Where TP, FP, and FN denote the true positive, false positive,
and false negative predictions, respectively. r(k) denotes the
recall at threshold k. p(k) denotes the precision at threshold k,

and n denotes the number of thresholds. APi is the average
precision for class i, and mAP denotes the mean average
precision, where n is the number of classes.

Statistical Analysis
The performance of the classification model was evaluated by
comparing it with selected state-of-the-art (SOTA) deep-learning
models using metrics such as accuracy, precision, recall, and
the area under the precision recall curve, represented by average
precision. To evaluate the classification of TZ types, sensitivity,
specificity, positive predictive value, and negative predictive
value (NPV) were calculated, along with their corresponding
95% CIs. The evaluation metric was defined as the agreement
with the expert-provided TZ classification. The demographic
characteristics of the study participants were summarized using
means and SDs for continuous variables and percentages for
categorical variables. A P value of less than .05 (two-sided)
was considered statistically significant. Statistical analyses were
performed using SPSS (version 27.0; IBM Corp) and Python
(version 3.7).

Ethical Considerations
This study was approved by the Institutional Review Board of
the Chinese Academy of Medical Sciences and Peking Union
Medical College (CAMS and PUMC-IEC-2022-022). Informed
consent was not required due to the retrospective nature of the
dataset, and all personal information and images were
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completely anonymized. We commit that all research data will
be used for academic research purposes.

Results

General Information of the Study Dataset
For the classification modeling, 8335 colposcopy images from
4 hospitals were selected for training and evaluation. These
images included consisting of 2788 images of TZ1, 2663 images

of TZ2, and 2884 images of TZ3. In the external validation
study, 1335 cases were selected from 2 hospitals for model
inference to predict the TZ types (Figure 5). The demographic
characteristics of each participant, including age, colposcopic
findings, and the distribution of each TZ type, are provided in
Table 1. TZ types were found to be significantly associated with
the participants’age group distribution (P<.001). The mean age
of all participants at the time of colposcopy was 37.87 (SD 9.99)
years, with the mean age of the TZ3 group being 45.04 (SD
11.69) years.

Figure 5. Flowchart of the study case collection. SCJ: squamocolumnar junction; TZ: transformation zone.

JMIR Cancer 2025 | vol. 11 | e69672 | p.400https://cancer.jmir.org/2025/1/e69672
(page number not for citation purposes)

Wu et alJMIR CANCER

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Table 1. Demographic characteristics and distribution of cervical TZa types. Differences were analyzed using the chi-square test.

P valueTZ3 (n=137)TZ2 (n=604)TZ1 (n=594)Characteristic

<.00145.04 (11.69)39.62 (9.64)34.44 (8.45)Age group (year), mean (SD)

10 (7.3)62 (10.3)140 (23.6)24-29

79 (57.7)432 (71.5)386 (65.0)30-49

48 (35.0)110 (18.2)68 (11.4)50-65

<.001Parity, n (%)

18 (13.1)95 (15.7)159 (26.8)0

116 (84.7)488 (80.8)428 (72.1)1-3

3 (2.2)21 (3.5)7 (1.2)>3

<.001Menstrual status, n (%)

43 (31.4)71 (11.8)25 (4.2)Menopause

94 (68.6)533 (88.2)569 (95.7)No menopause

<.001SCJb visibility, n (%)

0 (0)73 (12.1)594 (100.0)Completely visible

28 (20.4)531 (87.9)0 (0)Partially visible

109 (79.6)0 (0)0 (0)Invisible

<.001Pathologic diagnosis, n (%)

26 (19)188 (31.1)220 (37)Normal or benign

51 (37.2)213 (35.3)220 (37)CINc1

23 (16.8)131 (21.7)124 (20.8)CIN2

13 (9.5)63 (10.4)24 (4)CIN3

24 (17.5)9 (1.5)6 (1)Cancer

aTZ: transformation zone.
bSCJ: squamocolumnar junction.
cCIN: cervical intraepithelial neoplasia.

TZ Classification Results
Cervix detection with a bounding box was used for feature
engineering. Proper cervix extraction improved classification
accuracy. A total of 8335 cervix images were investigated and
resized to 224×224 pixels before being input into the
classification model. Out of these, 1663 images were used to
evaluate the model’s performance.

Around 80% of the images were randomly selected as the
training set, with the optimal weight parameter model selected
during training being used to classify the images in the test set.
The validation accuracy of the model gradually improved as

the number of epochs increased, as shown in the validation plot
(Figure 6). After approximately 100 epochs, both validation
accuracy and training loss stabilized, reaching a peak validation
accuracy of 83% at the 200th epoch. The validation accuracy
fluctuated significantly during the first 25 epochs, it showed a
general upward trend, while training loss rapidly decreased,
indicating active learning and adjustment of the model. The
model reached an optimal balance point and performed well
after the 75th epoch when validation accuracy stabilized and
training loss continued to decrease but with minimal changes.
Overall, the model demonstrated rapid convergence in the early
stages of training, with steady performance improvements in
the later stages.
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Figure 6. Validation accuracy and training loss curve for the proposed classification model.

Our proposed model accurately classified cervical TZ types, as
shown in Table 2. The highest classification accuracy of 83.97%
and precision of 83.93% were achieved on the test set. For the
3 TZ types, the sensitivity was 84.74% for TZ1, 78.95% for
TZ2, and 87.87% for TZ3, while the specificity was 89.99%

for TZ1, 91.98% for TZ2, and 94.03% for TZ3. The detailed
values for sensitivity, specificity, positive predictive value, and
NPV are presented in Table 3. According to the classification
performance of TZ types, the sensitivity and NPV for TZ2 were
significantly lower.

Table 2. Comparative performance results of the proposed classification model with other state-of-the-art models.

mAPa (%）F1-score (%)Recall (%)Precision (%)Accuracy (%)Model

63.1354.6656.8957.8459.22ResNet50

74.6469.1969.2169.7670.33VGG16

63.7656.4957.3957.6459.46ViT

63.6360.6661.1860.9762.06EfficientNet

80.9873.6673.6773.974.47ShuffleNet

82.7274.5574.6474.4975.06MobileNetV3

92.1783.8683.8583.9383.97Proposed model

amAP: mean average precision.

Table 3. Classification performance of the proposed classification model on the test set.

Average precision (%)NPVc, (%)PPVb (%)Specificity (%)Sensitivity (%)TZa types

91.8492.1580.9689.9984.74TZ1

89.0690.3082.1991.9878.95TZ2

95.6293.6088.6494.0387.87TZ3

aTZ: transformation zone.
bPPV: positive predictive value.
cNPV: negative predictive value.

The SOTA deep-learning networks for interpreting colposcopy
images were selected to train on our dataset for comparison

with our model. Table 2 presents the experimental results of
the test set based on various evaluation metrics. The traditional
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ResNet50 and Vision Transformer models performed poorly in
terms of accuracy and precision, achieving only 59.22% and
57.84%, and 59.46% and 57.64%, respectively. VGG16, with
its relatively low-density network structure, performed better
than ResNet50 in feature extraction. In addition, we selected 2
lightweight networks for comparison, EfficientNet and
ShuffleNet, with higher accuracy of 62.06% and 74.47%. The
proposed model achieved the highest accuracy of 83.97% among
SOTA models.

TZ Segmentation Result
To enhance AI’s clinical guidance, we used a pretrained
FastSAM model to segment the TZ region by visualizing the
new SCJ. A portion of the training data was used to annotate
the new SCJ (Figure 7A), excluding TZ3, as the new SCJ is
located in the endocervix. The segmentation model predicted
the negative foreground region indicating the area outside the
target TZ region (Figure 7B). The region boundary of the mask
prediction was the predicted new SCJ (Figure 7C). In the test
set, the overall recall and mAP50 (mean average precision at
50% Intersection over Union) of predicted mask were 0.78 and
0.75, respectively.

Figure 7. The segmentation model inference process. (A) Ground truth of the polygonal new SCJ outline. (B) Predictive segmentation of the out-of-TZ
area. (C) Representative prediction of the new SCJ guidance line. SCJ: squamocolumnar junction; TZ: transformation zone.

Validation Results
An independent dataset of 1335 cases was used to evaluate the
generalization of the TZ classification model, distributed as 594
cases of TZ1, 604 cases of TZ2, and 137 cases of TZ3. The
overall classification accuracy was 79.33%. The model’s

predicted sensitivity for TZ1, TZ2, and TZ3 was 77.3% (95%
CI 73.9%-80.6%), 81.1 (95% CI 78.0%-82.3%), and 80.3%
(95% CI 73.7%-86.9%), respectively, while the specificity was
94.2% (95% CI 92.4%-95.8%), 83.3% (95% CI 80.6%-85.9%),
and 90.7% (95% CI 89.1%-92.3%). The classification
performance is presented in Figure 8 and Table 4.
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Figure 8. Confusion matrix of the proposed classification model in validation. TZ: transformation zone.

Table 4. Classification performance on the validation dataset.

F1-score (%)NPVc (%; 95% CI)PPVb (%; 95% CI)Specificity (%; 95% CI)Sensitivity (%; 95% CI)TZa types

83.7683.8 (81.3-86.3)91.4 (88.9-93.8)94.2 (92.4-95.8)77.3 (73.9-80.6)TZ1 (n=594)

80.5984.2 (81.5-86.9)80.1 (76.8-83.2)83.3 (80.6-85.9)81.1 (78.0-82.3)TZ2 (n=604)

61.4597.6 (96.7-98.5)49.8 (43.0-56.7)90.7 (89.1-92.3)80.3 (73.7-86.9)TZ3 (n=137)

aTZ: transformation zone.
bPPV: positive predictive value.
cNPV: negative predictive value.

Discussion

Principal Findings
In this study, we proposed a classification and identification
model that facilitates clinical colposcopy examinations of
cervical TZ. Our AI model achieved an accuracy of 79.33% in
the task of classifying the three types of TZ in the external
dataset. The sensitivity of TZ3 was 80.3%, and the specificity
was 90.7%, which were satisfactory. TZ3 could be accurately
differentiated, which further decreased the chance of missed
diagnoses of high-grade lesions [21], and it was valuable for
guiding ECC and recommending appropriate treatments. The
AI model had increased sensitivity on TZ2 and lower sensitivity
on TZ1 compared to the performance on the test set, which
might be attributed to the similarity between TZ1 and TZ2.
According to the standard terminology of the IFCPC, TZ1 and
TZ2 were both visible either with or without the assistance of
an endocervical speculum [22]. TZ2 was nearly entirely visible
in some cases, while the SCJ was only visible at the endocervical
canal’s border. Therefore, it was difficult to differentiate it from
TZ1, which frequently required expert evaluation in strict
accordance with established guidelines. In clinical practice, the
treatment management for TZ1 and TZ2 is generally similar
[6]. Our AI model demonstrated noninferior performance in
classifying them and could be used to assist less experienced
or inexperienced colposcopists in the colposcopic examination
process. The overall model accuracy from the validation study

was similar to the performance during model training, indicating
that it is capable of generalizing fairly well.

Comparison With Other Studies
In terms of AI techniques, we proposed a method based on the
variant MobileNetV3 architecture for cervical TZ classification
and FastSAM for segmenting TZ in colposcopy. Currently, only
a few deep learning–based models have been developed to
classify cervical TZ from colposcopy images. Dash et al [23]
conducted a TZ segmentation and classification model based
on colposcopy images from the IARC image bank. Similarly,
Cao et al [24] developed a high-performance, deep learning
model based on retrospective image data collected from one
hospital [24]. Comparatively, our method was based on a
multicenter study with a more diverse dataset of colposcopy
images. While this diversity added to the challenge of feature
extraction, the classification model showed better accuracy.
Second, the proposed segmentation model could precisely
annotate the new SCJ and indicate the approximate location of
TZ, which could greatly assist junior colposcopists in selecting
biopsy sites. Effective biopsy prioritization focused on the most
severe lesions, particularly those within the TZ. Compared with
the previous study [23], our method delineated a new SCJ rather
than the original SCJ, which can provide more effective
assistance and insights for colposcopic clinical examination and
treatment. Furthermore, conducted external validation for the
TZ classification model for the first time, and our model
demonstrated strong stability and generalization performance.
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Clinical Implications
In resource-limited settings, colposcopists demonstrated
significantly lower clinical skills and performance than those
observed in our study. The results of a study evaluating the
colposcopic abilities of colposcopists in underserved Chinese
communities indicated that colposcopists had a mere 22%
accuracy specifically for TZ3 [8]. Similarly, in another study,
colposcopists’ clinical diagnostic abilities were assessed before
and after intensive training [9]. It was found that junior
colposcopists had only 49.1% accuracy in classifying TZs.
Despite the notable improvement, their accuracy remained below
optimal levels at 68.6% following training. In addition, a
comparable study conducted in Europe demonstrated that junior
colposcopists were only able to detect TZs with a 55% accuracy
rate [25]. According to these findings, colposcopists at
less-experienced levels generally exhibited inadequate
colposcopic performance. However, AI might offer a promising
solution to enhance colposcopic capabilities and clinical
decision-making confidence. Compared to these studies, our
TZ classification model demonstrated strong performance with
a high accuracy of 83.97% in the test set and achieved much
higher sensitivity in predicting three TZ types in the validation
study. Based on the results of previous studies, our model was
more effective at stand-alone classification than that of junior
colposcopists. Therefore, the method presented in this study
accurately identifies TZ in colposcopy images, providing a
valuable reference for colposcopists when making clinical
decisions. The findings from this study supported the potential
of the proposed AI-based TZ identification method as a
promising adjunct tool for colposcopic examinations,
particularly when integrated with AI colposcopic diagnostic
systems and digital colposcopes. Dynamic digital imaging with
AI assistance enhances the objectivity of colposcopic
examinations and might address the diagnostic subjectivity of
less experienced colposcopists. When AI-guided digital
colposcopists are deployed in resource-limited health care
settings, colposcopists will be able to receive intuitive and
accessible guidance on clinical features from AI during the
colposcopic examination in real time, supporting
less-experienced colposcopists in improving their overall
colposcopy skills. Combining AI results with colposcopist
assessments helps reduce diagnostic bias, improve colposcopic
examination capability, and narrow the gap with resource-rich
areas. It addresses the minimization of missed diagnoses, the
facilitation of early detection of lesions, the reduction of the
risk of CIN progression, and the reduction of the burden of
cervical cancer [26]. The application of AI will be integral to
improving the quality of colposcopy services in low-resource
settings.

The development and application research of AI-guided
colposcopy models has emphasized their auxiliary value in
clinical practice [14,27]. With the advent of innovations in AI
algorithms, these models rely predominantly on mainstream
CNNs coupled with transfer learning, as a method of
unsupervised learning for image feature learning [28,29]. In
some AI models, object detection is used as a metric for
identifying lesion areas; however, it remains limited to binary
classification tasks. Nevertheless, the multiclassification of

normal cervix, low-grade squamous intraepithelial lesion, and
high-grade squamous intraepithelial lesion plus poses significant
challenges to these models. A clinical perspective suggested
that acetowhite changes within TZ have a higher likelihood of
association with CIN lesions than those outside of TZ. While
the lesion extends across the new SCJ, a biopsy should be taken
within the TZ or at the new SCJ. Therefore, by incorporating
the TZ-type information as a weight in the model, the AI could
be able to perform a more effective feature engineering process
within the TZ. It is anticipated that the AI model will markedly
enhance the capability of lesion detection, thus eliminating the
current limitation in which precise identification is confined to
CIN2+ lesions. Our proposed AI system delineated the new
SCJ on high-resolution colposcopy images, and it enabled the
approximate location of the TZ to be visualized more intuitively,
thereby guiding more effective colposcopy examination and
biopsy procedures.

For applying AI techniques in limited-resource settings, we
proposed a model based on the MobileNetV3 architecture for
cervical TZ classification in colposcopy images. Since Google
introduced MobileNet in 2017 [30] as a lightweight CNN
architecture, it has gained significant attention for its efficiency
and accuracy. A lightweight AI model is more energy efficient
and requires significantly fewer computational resources than
a large-scale AI model, aligning with sustainable AI practices.
It has been designed to operate efficiently on battery-operated
devices, making it especially suitable for deployment in remote
regions with limited power availability and internet access. By
minimizing the reliance on high-cost hardware and extensive
cloud infrastructure, lightweight AI models enable resource
optimization in low-resource settings and facilitate equitable
access to AI. Our AI model achieved efficient computation and
robust classification performance on portable devices and can
be applied actively in a variety of clinical settings to validate
its generalization ability. A further economic evaluation is
required to support the decision to adopt novel technologies in
screening strategies.

Limitations and Future Directions
There are several limitations to this study. First, the scale of the
dataset we included was limited, which restricted the ability to
support training deeper or more complex deep neural networks.
However, the quality and standardization of image acquisition
were assured, and the appropriate network depth was chosen to
maximize feature extraction. It is necessary to obtain more
high-quality colposcopy images with endocervix expansion by
auxiliary instruments per case to train more complex networks
that can extract additional features and potentially improve
classification accuracy in TZ2 and TZ3. To address the
suboptimal performance in TZ2 classification, expanding the
dataset for TZ2 in future studies could enable the model to
capture more distinct texture features that differentiate it from
TZ1 and TZ3. The model could be further enhanced by applying
edge detection techniques in regions where it is difficult to
distinguish TZ2 from TZ3 and to highlight subtle morphological
changes at the new SCJ. Second, the external validation was
limited to evaluating the AI results alone. Further research is
needed to assess the impact of AI-aided colposcopists in the
classification of TZ. A prospective clinical trial is further needed
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to investigate whether the method can be applied to real-world
colposcopy clinics. In addition, although we collected the
validation datasets from two different hospitals, the scale of the
external validation dataset is relatively limited, particularly
when it comes to representing clinical scenarios that involve
different colposcope vendors and lighting conditions. Future
studies will focus on expanding both the size and scope of the
dataset, incorporating data from more regions for more
comprehensive validation. Furthermore, transfer learning or
domain adaptation techniques may be used to improve the
model’s robustness and adaptability to various imaging
conditions. Finally, the TZ classification lacks an absolute
subjective gold standard but is guided by colposcopic
examination criteria and expert consensus. However, the
colposcopy expert panel from tertiary hospitals conducted the
“ground truth” categories for this study in accordance with
established guidelines from IFCPC. In light of the subjectivity
inherent in TZ classification, using only single-image modality
data for model development is limited. Model optimization in

the future may implement multimodal learning, which
incorporates image data with associated clinical factors (eg,
age, menstrual status, gravidity, and parity) to reduce the
subjectivity of the model and enhance TZ feature discrimination.
Furthermore, the construction of a knowledge graph based on
existing consensus and colposcopic examination guidelines will
help the model adhere to various rules or logic during the
learning process.

Conclusion
In this study, an accurate AI-based method was developed and
evaluated for automatically identifying cervical TZ using
colposcopy images. The proposed method was the first
application of a lightweight CNN for cervical feature extraction
and applied a general segmentation model for TZ delineation
among multicenter images, achieving commendable
classification accuracy on TZ. The proposed approach has the
potential to adapt to various colposcopy clinical environments
and improve AI-guided colposcopy practice.
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Abstract

Background: Plain language summaries (PLSs) of Cochrane systematic reviews are a simple format for presenting medical
information to the lay public. This is particularly important in oncology, where patients have a more active role in decision-making.
However, current PLS formats often exceed the readability requirements for the general population. There is still a lack of
cost-effective and more automated solutions to this problem.

Objective: This study assessed whether a large language model (eg, ChatGPT) can improve the readability and linguistic
characteristics of Cochrane PLSs about oncology interventions, without changing evidence synthesis conclusions.

Methods: The dataset included 275 scientific abstracts and corresponding PLSs of Cochrane systematic reviews about oncology
interventions. ChatGPT-4 was tasked to make each scientific abstract into a PLS using 3 prompts as follows: (1) rewrite this
scientific abstract into a PLS to achieve a Simple Measure of Gobbledygook (SMOG) index of 6, (2) rewrite the PLS from prompt
1 so it is more emotional, and (3) rewrite this scientific abstract so it is easier to read and more appropriate for the lay audience.
ChatGPT-generated PLSs were analyzed for word count, level of readability (SMOG index), and linguistic characteristics using
Linguistic Inquiry and Word Count (LIWC) software and compared with the original PLSs. Two independent assessors reviewed
the conclusiveness categories of ChatGPT-generated PLSs and compared them with original abstracts to evaluate consistency.
The conclusion of each abstract about the efficacy and safety of the intervention was categorized as conclusive
(positive/negative/equal), inconclusive, or unclear. Group comparisons were conducted using the Friedman nonparametric test.

Results: ChatGPT-generated PLSs using the first prompt (SMOG index 6) were the shortest and easiest to read, with a median
SMOG score of 8.2 (95% CI 8‐8.4), compared with the original PLSs (median SMOG score 13.1, 95% CI 12.9‐13.4). These
PLSs had a median word count of 240 (95% CI 232‐248) compared with the original PLSs’ median word count of 364 (95%
CI 339‐388). The second prompt (emotional tone) generated PLSs with a median SMOG score of 11.4 (95% CI 11.1‐12),
again lower than the original PLSs. PLSs produced with the third prompt (write simpler and easier) had a median SMOG score
of 8.7 (95% CI 8.4‐8.8). ChatGPT-generated PLSs across all prompts demonstrated reduced analytical tone and increased
authenticity, clout, and emotional tone compared with the original PLSs. Importantly, the conclusiveness categorization of the
original abstracts was unchanged in the ChatGPT-generated PLSs.

Conclusions: ChatGPT can be a valuable tool in simplifying PLSs as medically related formats for lay audiences. More research
is needed, including oversight mechanisms to ensure that the information is accurate, reliable, and culturally relevant for different
audiences.

(JMIR Cancer 2025;11:e63347)   doi:10.2196/63347

KEYWORDS

health literacy; patient education; health communication; ChatGPT; neoplasms; Cochrane; oncology; plain language; medical
information; decision-making; large language model; artificial intelligence; AI

Introduction

The significance of health literacy has been well established
through numerous studies [1,2], demonstrating its importance

not only for individual health care [3] but also within the public
health system [4,5]. Various organizations, including the Center
for Disease Control and Prevention and the National Institute
of Health, have underscored the importance of using plain
language in health communication to enhance understanding
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of medical conditions and patients’ engagement [6,7]. Health
literacy is particularly important in oncology, where the
advancement in cancer treatment beyond traditional methods
has positioned patients and their families even more in the center
of making care decisions [8]. Upon receiving a cancer diagnosis,
patients often turn to various sources for more information, such
as the internet, forums, social support groups, and literature
[9,10]. Enhancing patients’ understanding of their conditions
has been shown to positively impact patient adherence and
clinical outcomes in various chronic disease models by
influencing patient behavior [11-13], whereas patients’ struggle
to understand complex medical information can adversely affect
their adherence to medical advice [14]. However, nearly half
of cancer patients struggle to understand the information about
their treatment options from scientific literature [15]. Even
though the official recommendation of the American Medical
Association is that health information should be written at the
reading level of the sixth grade in the US education system [16],
the complexity of web-based cancer information often exceeds
the reading and comprehension abilities of an average person,
failing to meet the necessary standards for readability and
understandability of health information [17].

To address the gap between the complexity of scientific evidence
and the public, many organizations, including Cochrane,
dedicate a lot of effort to enhancing the quality of health
information available to the public [18]. Cochrane Database of
Systematic Reviews is recognized as a highly reliable source
for evaluating the effectiveness of health interventions [19].
Cochrane systematic reviews provide both a scientific abstract
for professionals and a plain language summary (PLS) for the
lay public [20]. Studies have consistently demonstrated that
PLSs, which are authored by the same researchers who write
the corresponding scientific abstracts, tend to exhibit readability
levels that exceed those recommended for health information
intended for a general audience [20-24]. In our previous study,
we found that Cochrane PLSs for oncology interventions not
only required a reading proficiency well above the average
public level but also used language that lacked engagement,
potentially reducing the reader’s interest [21]. Additionally, the
PLSs frequently contained ambiguous or insufficiently clear
conclusions regarding the efficacy of the interventions assessed
in the systematic review [21]. This lack of clarity can leave
readers, especially patients and nonspecialists, uncertain about
treatment benefits or outcomes, thus diminishing the utility of
these summaries in supporting informed health decisions. In
addition, we have to bear in mind that the language people use
plays a vital role in processing and interpreting information in
text, as well as in shaping psychological responses to
information and influencing whether the reader will perceive
the content as more relatable [25,26]. Given the significant
challenges associated with the readability and clarity of PLSs,
it is important to explore innovative solutions that can enhance
the communication of health information to the lay public.

Artificial intelligence (AI) tools recently emerged as a tool to
help generate textual outputs relevant to health care, with the
potential to revolutionize the medical sector [27,28]. A standout
example of AI in action is the Chat Generative Pretrained
Transformer (ChatGPT), a chatbot that operates on the

Generative Pretrained Transformer technology [29]. This
technology is a type of large language model (LLM) with over
175 billion parameters, capable of understanding and generating
text that mimics human conversation [30]. ChatGPT has been
trained on a wide variety of internet content, such as books,
articles, and websites [31,32]. Its fine-tuning process includes
reinforcement learning from human feedback, enhancing its
ability to grasp complex user intents and respond accurately to
a wide array of tasks, including those related to medical inquiries
[30,33]. The deployment of natural language processing models
like ChatGPT in the health care field promises to significantly
improve access to medical information for both professionals
and patients [29,34,35].

Recognizing the challenge posed by the low readability of PLSs
authored by researchers for Cochrane systematic reviews,
particularly in the context of oncology interventions, we sought
to investigate the potential of using AI LLMs, specifically
ChatGPT as one of the most accessible tools today, to create
PLSs that are more relatable to the public. Cochrane reviews
are renowned for their rigorous methodologies and
comprehensive analyses; however, this complexity often results
in PLSs that may be difficult for a lay audience to understand
[20,21]. By using ChatGPT, we aimed to improve the readability
and the linguistic characteristics of these summaries, so that
they effectively communicate critical findings, methodologies,
and implications in a manner that is clear and engaging for
nonexpert audiences.

Methods

Study Design and Data Sources
In this study, we analyzed the readability, linguistic
characteristics, and conclusiveness of the PLSs generated by
ChatGPT from corresponding scientific abstracts of Cochrane
systematic reviews of oncology interventions. We then
compared them to the readability and linguistic characteristics
of the original PLSs, as well as with the conclusiveness of the
corresponding scientific abstracts. The dataset included 275
PLSs and corresponding scientific abstracts of Cochrane
systematic reviews about oncology interventions up to February
2019 from our previous study [21]. In that study, we assessed
the language characteristics of PLSs of Cochrane systematic
reviews of oncology interventions in comparison with
corresponding Cochrane scientific abstracts. We used this
dataset as it included the scientific abstracts for which the
conclusiveness of the efficacy of interventions was already
assessed, so that we could compare the conclusiveness of the
AI-generated PLS with that of the original scientific abstracts
from which it was created. Cochrane systematic reviews
included in the dataset addressed came from Cochrane review
groups focused solely on oncology: Breast Cancer; Childhood
Cancer; Colorectal Cancer; Gynaecological, Neurooncology,
and Orphan Cancer; Haematological Malignancies; and Lung
Cancer. These groups served as representatives of different
clinical cancer types. Systematic reviews that did not address
intervention studies were excluded. Summaries from the dataset
have been analyzed in terms of their Simple Measure of
Gobbledygook (SMOG) index, linguistic characteristics (word
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count and percentage of words related to different emotions),
and the category of conclusiveness [21]. The full dataset is
publicly accessible via the Open Science Framework [36].

We used the STROBE (Strengthening the Reporting of
Observational Studies in Epidemiology) checklist for reporting
the results of this study.

Generation of PLSs by ChatGPT
We used a subscription chatbot, ChatGPT (version 4; Open AI)
[37]. At the moment of our research, training data for ChatGPT
included information up to April 2023.

We formed 3 prompts, and an author (JŠP) asked ChatGPT each
prompt for each PLS separately. Before asking these questions,
we asked ChatGPT to explain what a SMOG index is. ChatGPT
correctly described the readability measure, its formula, and the
interpretation of results, confirming that ChatGPT was
adequately familiar with the SMOG index. We then used the
following prompts (Figure 1):

1. Can you rewrite this Cochrane Scientific Abstract into a
Cochrane Plain Language Summary so that your text has
a SMOG index of 6?

2. Can you rewrite this Plain Language Summary so it is more
emotional?

3. Can you rewrite this scientific abstract so it is simpler, easier
to read, and more appropriate for the lay audience?

In the first prompt, we asked ChatGPT to rewrite the scientific
abstract into PLS with a SMOG index of 6, because the official
recommendation of the American Medical Association and
National Health Institute is that the health information should
be written at the reading level of the sixth grade in the US
education system [16,38].

For the second prompt, we continued the conversation with
ChatGPT that started in the first prompt. Since we found in our
previous study that PLSs had language that was more emotional
compared with the corresponding scientific abstracts and that
PLSs that have a higher percentage of emotional tone have better
readability [21], we used the PLS that was provided to ChatGPT
in first prompt and asked ChatGPT to rewrite it again so that is
more emotional, so this prompt was included to assess if adding
emotional resonance could enhance reader engagement and
relatability.

In prompt 3, similar to prompt 1, we asked ChatGPT to simplify
the scientific abstract, but without defining the SMOG index.
This prompt was designed to explore if using simpler language
alone (without a specified readability index) would yield results
with improved accessibility while retaining the essential
information and nuance necessary for an accurate understanding
of oncology topics. When tasking this prompt, we started a new
chat with ChatGPT, so that it did not rely on the previous
answer.

After that, for each PLS provided by ChatGPT, we measured
its readability, expressed as SMOG index, and the following
linguistic characteristics: word count and percentage of words
related to authenticity, clout, emotional, and analytic tone. We
analyzed only the first answers generated by ChatGPT for each
of the 3 prompts and did not ask ChatGPT to revise the texts
again. To be sure that the content of the PLS provided the same
facts as the corresponding scientific abstract, we also checked
the conclusiveness of each generated PLS, that is, checked
whether there was any difference with the original
conclusiveness category for the scientific abstract, determined
in our previous study [21]. Multimedia Appendix 1 contains a
supplementary table with examples of prompts.
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Figure 1. Generation of Cochrane plain language summaries by ChatGPT. SMOG: Simple Measure of Gobbledygook.

SMOG Index
The readability of summary formats in English was assessed
using the SMOG index [39]. SMOG index assesses the
readability of certain content by counting polysyllabic words
and the result is presented as the number of years of education
required to understand a given text [39]. It is considered to be
suitable for health information due to its consistent results,
higher expected comprehension levels, application of recent
validation criteria for estimating reading grade levels, and ease
of use [39]. SMOG index for PLSs in English was calculated
using a web-based tool “WebFX Readability Test Tool” [40].
The tool’s reliability and accessibility made it a suitable choice
for evaluating the readability of PLSs in our study. Regarding
SMOG index interpretation, the official recommendation of the
American Medical Association and National Health Institute is
that health information should be written at the reading level
of the sixth grade in the US education system [16,38].

Linguistic Characteristics
PLSs generated by ChatGPT were analyzed regarding their
linguistic characteristics, using the Linguistic Inquiry and Word
Count (LIWC) [41], a software tool designed to analyze a given
text by comparing each word to its predefined dictionary. The
tool categorizes text words into 4 main variables: analytical,
clout, authenticity, and emotionality shared in the tone of the
text, expressed as the percentage of words from the text in a
particular category. The analytical thinking category is based
on recognizing words associated with logic or connecting
concepts and putting them into a relationship. Greater use of
words related to analytical thinking is related to cognitive
complexity and abstract thinking [26]. Clout speech is a variable
that refers to the use of terms that denote self-confidence,
leadership, or social status. A higher proportion of such words
suggests that the author speaks from a position of expertise and
certainty in what is stated, and a lower proportion suggests a
style of presenting information that is humbler [42]. Authenticity
is determined by the percentage of words related to personality,
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such as the use of personal nouns in the first person (“I”, “my”,
and “mine”), present tense, and relative adverbs (near, now).
The use of these words is connected to writing that is more
personal and honest [43]. Emotional share relates to how
positive the tone is according to the words used. A score of 100
in emotional tone would mean the tone is maximally positive,
while a score of 50 means an even balance of positive and
negative emotion words [44].

Conclusiveness
The category of conclusiveness for each ChatGPT-generated
PLS was analyzed by JŠP and checked by IB. Data extraction
spreadsheet was tested by 2 authors (JŠP and IB). One author
extracted the data, and the other one independently reviewed
the data in a 10% random sample of PLSs and corresponding
scientific abstracts. Then, it was checked whether the entry in
the table was correct. Interobserver agreement was high (κ range
0.80 to 1.00, 95% CI 0.84‐1.00). We resolved the differences
in rating through the discussion with a third author (AM) before
full data extraction.

The conclusiveness of statements about efficacy and safety was
categorized into 3 categories [45]:

1. Conclusive: positive conclusive (there was moderate- or
high-quality evidence indicating the effectiveness or safety
of the intervention; ie, the drug was proven effective/safe);
negative conclusive (there was moderate- or high-quality
evidence indicating that the intervention is ineffective or
harmful, or authors advised against the
intervention/comparison or it is not recommended); or equal
conclusive (the interventions analyzed were equally
effective and safe).

2. Inconclusive: positive inconclusive (there was evidence
suggesting effectiveness or safety, but it is of low quality
or inconclusive, and the authors suggest that more research
is needed); negative inconclusive (there was evidence of
ineffectiveness or harm (evidence demonstrating that there
was no effect or that the intervention was not safe) or
authors urged against the intervention or comparison, or it
is not recommended; however, the evidence is of low
quality or inconclusive, or authors state that more research
is needed); or equal inconclusive (the interventions appeared
to be similarly effective and safe, but the evidence was of
lower quality or inconclusive, and the authors suggest that
more research is needed).

3. Unclear: no evidence (there was no evidence as the search
did not retrieve any randomized controlled trials, ie, empty
reviews); no opinion (the authors did not offer any opinion
or judgment); and unclear (the authors did not give a clear
conclusion or state that the more research is required).

Based on these criteria, we defined a category of conclusiveness
for each of the derived PLS, and then the category of
conclusiveness was compared with those from the original
scientific abstracts to check whether they match and give the
same conclusion about the effectiveness or safety of the
intervention [21].

Statistical Analysis

Descriptive Statistics
The data on readability, word count, and linguistic
characteristics were assessed as numeric variables. As the data
deviated from normal distribution, the results were presented
as medians and 95% CI and were presented on original PLS
and across 3 prompt groups. The data on conclusiveness was
assessed as frequencies and was presented on a bar chart across
3 different prompt groups.

Group Comparison
The results from the analysis of ChatGPT-generated PLSs were
compared with the already published data for the original PLSs
and scientific abstracts [21]. Since all versions were derived
from the same PLS, the results were treated as within the
subjects’ group under different conditions. Since the
within-subjects ANOVA was not appropriate due to the
deviations in the normality of data distribution, the comparison
between groups was made using the Friedman nonparametric
test for repeated measures, as nonparametric alternative and
post hoc testing was made using the Conover post hoc test, since
it is one of the recommended methods.

Statistical Software
Analyses were made using JASP (v.0.18.1.0; Jasp Team 2023)
and R (v4.3.3; R core team, 2024) [46].

Ethical Considerations
The authors did not require ethical approval as the study is based
solely on publicly available summaries of Cochrane systematic
reviews. The research does not involve human participants or
the use of animals. This is in accordance with the ethical code
of the University of Split School of Medicine (April 2009).

Results

Overview
We generated a total of 275 PLSs for each of the 3 ChatGPT
prompts. On average, all of them had statistically fewer words
than the original PLSs (Table 1).
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Table . Comparison of linguistic characteristics (median, 95% CI) between different plain language summary (PLS) groups.

P valuebChatGPT prompt, median (95% CI)Originala, median
(95% CI)

Variable

Third prompt: write
simpler PLS from orig-
inal PLS

Second prompt: make
PLS from first prompt
more emotional

First prompt: write
from scientific abstract

at SMOGc index 6

<.001273 (266‐278)285 (278‐292)240 (232‐248)364 (339‐388)Word count

<.0018.7 (8.4‐8.8)11.4 (11.1‐12)8.2 (8.0‐8.4)13.1 (12.9‐13.4)SMOG indexd

Linguistic characteristicse

<.00160.9 (57.7‐63.1)85.7 (84.0‐86.7)55.9 (53.6‐57.9)f95.5 (95.0‐95.8)    Analytical tone

<.00170.5 (68.0‐72.8)80.3 (77.8‐83.6)67.2 (64.9‐70.9)f50.0 (47.7‐51.8)    Clout

<.00149.4 (45.8‐54.2)38.0 (34.8‐40.1)50.5 (47.0‐53.5)f28.6 (26.2‐31.3)    Authenticity

<.00154.4 (51.9‐56.4)63.9 (58.6‐69.6)f54.8 (51.3‐58.7)f,g22.1 (18.5‐26.2)    Emotional tone

aThe results for the original PLSs are from the previous study [21].
bFriedman nonparametric test. All post hoc differences were statistically significant except those labeled with symbols in superscript.
cSMOG: Simple Measure of Gobbledygook.
dReadability was measured as a SMOG index [39]. Higher scores indicated lower readability.
eLinguistic characteristics of the text were measured using dictionary-based text word categorizations by the Linguistic Inquiry and Word Count (LIWC)
[26]. The variables are presented as the percentage of words from the text in a particular category.
fNot different from prompt 3.
gNot different from prompt 2.

SMOG Index and Linguistic Characteristics
PLSs generated by the first prompt (write at SMOG index 6)
were the easiest to read, with the median SMOG index of 8.2
(95% CI 8‐8.4), and the shortest. Regarding linguistic
characteristics, these PLSs had less analytical tone and more
authenticity, clout, and emotional tone when compared with the
original PLSs written by authors (Table 1).

PLSs generated by the second prompt (make prompt 1 more
emotional), had a median SMOG index of 11.4 (95% CI
11.1‐12). Those PLSs also had more analytical tone and clout
compared with the PLSs generated by the first prompt, but no
difference in the emotional tone. They also used fewer words
related to authenticity than the PLSs generated by the first
prompt (Table 1).

PLSs generated by the third prompt (write simpler PLS from
original) had a median SMOG index of 8.7 (95% CI 8.4‐8.8).
Linguistic characteristics did not differ from the PLSs generated
by the first prompt, but they had a less analytical and more
authentic tone than the PLSs generated by the second prompt
(Table 1).

Across the 3 GPT prompts, the results were consistent, without
major outliers.

Conclusiveness
The category of conclusiveness of all 3 ChatGPT-generated
PLSs did not differ from that of the original scientific abstract
(Figure 2).
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Figure 2. Distribution of plain language summaries according to the conclusiveness of the efficiency of interventions described in the systematic
reviews across 4 different groups of writing prompts. SMOG: Simple Measure of Gobbledygook.

Discussion

Principal Findings
Our study investigated the potential of using an LLM-ChatGPT,
to generate more readable and engaging PLSs for Cochrane
systematic reviews in oncology. The results demonstrate that
ChatGPT-generated PLSs were shorter and easier to read, as
illustrated by the SMOG indices across different prompts.
Across all prompts, ChatGPT-generated PLSs exhibited a
decrease in analytical tone while showing higher levels of
authenticity, clout, and emotional tone compared with the
original PLSs. Notably, the categorization of conclusiveness in
the original abstracts remained consistent in the
ChatGPT-generated PLSs.

Specifically, PLSs created by the first prompt (targeting a
SMOG index of 6) achieved the lowest SMOG index and the
highest readability among the 3 approaches we used. The median
SMOG index of the PLSs generated through prompt 1, while
higher than the targeted level of 6, was still significantly lower
than that of the original PLSs authored by researchers (median
SMOG index 13.1).

The second prompt, which aimed to make the summaries contain
text with more emotionally positive content, resulted in an
increase in SMOG index and a notable shift toward analytical
and clout tones, indicating that the addition of emotional
language might inadvertently increase linguistic complexity.
This observation is crucial because previous studies have shown
that emotional resonance can improve reader engagement and
comprehension [21], yet it must be balanced with readability
to avoid overcomplicating the content.

The third prompt again managed to improve the readability of
the summaries. Despite differences in readability and tone, the
conclusiveness about the efficacy of the intervention in
ChatGPT-generated PLSs remained consistent with that of the
original scientific abstracts. This consistency is encouraging,
as it suggests that ChatGPT can maintain the integrity of the
original scientific conclusions while rephrasing content for a
lay audience.

PLSs generated by ChatGPT had language characteristics more
suitable for the lay population than the original PLSs from the
published Cochrane systematic reviews [21]. They had fewer
words and better readability—from the median of 8.2 to 11.2
compared with the original 13.1 SMOG index, bringing it closer
to the recommended sixth-grade reading level for the health
information intended for the lay public [16]. However, it is not
clear whether we can expect at all for PLSs from oncology to
be at the recommended reading level, as it is not sometimes
possible to replace complex scientific expressions or names of
the drugs (eg, trastuzumab-deruxtecan) without altering the
meaning and jeopardizing the translation of the information to
the reader in the correct way.

Regarding the linguistic content of the PLSs [16,42-44], those
generated by ChatGPT had lower content with an analytical
tone, meaning that they did not relate so much to abstract
thinking or cognitive complexity as the original PLSs. They
also had a higher positive emotional tone (a score over 50 for
all ChatGPT-generated PLSs) than the original PLSs, which
had a predominantly negative emotional tone (median of 22 out
of maximum 100). ChatGPT-generated PLSs also had higher
clout, meaning that the information came from the position of
expertise and certainty, and they used more personal nouns,
present tense, and relative adverbs, increasing authenticity tone,
that is, making it more personal and honest. In this way,
ChatGPT-generated PLSs could influence the subjective
experience of people and their engagement in the given text
when they process the information in the PLSs with respect to
their opinion about the truthfulness of the information or their
confidence in the information [25]. These cognitive processes
are very important in reacting to health information, as it has
been shown that patients adhere more to advice from doctors
that contains more positive emotions [47].

Comparison to Prior Studies
ChatGPT-generated PLSs were closer in their characteristics to
the press releases of Cochrane systematic reviews, written by
professional writers. A study of Cochrane systematic reviews
that had an official press release showed that these press releases
were written in a more conversational and emotional language
than the scientific abstracts or PLSs in different languages,
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making them more engaging [22]. ChatGPT-generated PLSs
had similar qualities, without losing the conclusiveness of the
message, making them more suitable for health evidence
translation to the patients and the general public.

Strength and Limitations
Regarding the strengths of the study, this study is among the
first to evaluate the use of AI for generating PLSs in oncology,
focusing on readability, linguistic characteristics, and
consistency with original scientific conclusions. The use of
multiple prompts provided a nuanced understanding of how
prompt design influences AI-generated content.

These results must be considered in light of several limitations.
First, we used PLSs from a single source, the Cochrane Library,
and these PLSs were written by different authors. However,
summaries from the Cochrane Library have the same format of
presenting health information and specific guidance for writing
PLSs [48], making them comparable. Second, we analyzed the
PLSs in English only since it was the only common language
for the summaries in oncology systematic reviews. The focus
on English ensured uniformity in linguistic analysis, avoiding
inconsistencies in translation processes. Third, a notable
limitation of this study is that it required ChatGPT to generate
PLSs from scientific abstracts and not from the complete texts
of Cochrane systematic reviews. Typically, PLSs are derived
from the full content of the reviews [48], which provides a more
thorough understanding of the study’s findings, methodologies,
and contextual factors. Reliance only on scientific abstracts may
lead to PLSs lacking depth and detail. Fourth, ChatGPT-4 was
developed using a diverse dataset of publicly available
information spanning multiple domains and at the time of our
study, its information is limited to publicly available sources
up to 2021 [49]. OpenAI does not specify the exact content of
medical information included or the precise time frame of the
dataset [49]. We used ChatGPT-4, the subscription version
(unlike its predecessor ChatGPT-3.5), the most advanced and
widely available version of ChatGPT during the study period,
ensuring access to its latest capabilities, but it is available only
to people willing to pay a monthly subscription. For the second
prompt in our study, we relied on the answers from ChatGPT
provided in the first prompt. For all 3 prompts, we did not ask
the system to further rephrase the text but analyzed only the
first output. Different AI models vary in training, algorithms,
and capabilities, making the use and results of one model not
universally applicable to others [50]. We did not use other AI
tools such as Microsoft Bing AI, Bard, Jasper, or ChatSonic,
which could have given different results. Microsoft Bing AI
can only process up to 2000 characters [51], which is not
suitable for summaries. Bard was not available in Croatia at the
time of conducting the study [52], and Jasper and ChatSonic
offered only paid subscriptions for which we did not have
sufficient resources [53,54]. Additionally, we did not use
specialized AI tools designed specifically for creating PLS, such
as Sorcero’s solution [55] or Putnam Associates’ generative AI
approach for PLSs [56]. Our decision not to use these specialized
tools stemmed from a focus on general AI models that are more
accessible to a wider range of users and our intent to evaluate
the performance of widely available, nonspecialized AI for PLS
generation. Fifth, it has to be kept in mind that, while our study

assessed linguistic characteristics such as clout, analytical tone,
authenticity, and emotional tone, it is equally important to
consider the cultural and emotional sensitivities of the target
audience [57]. AI models like ChatGPT-4 are trained on
extensive datasets that may not fully capture the nuances of
various cultural backgrounds. Consequently, the generated PLSs
might lack the cultural relevance or sensitivity necessary to
effectively communicate with all segments of the lay public.
Further research should include PLSs from multiple sources to
assess the generalizability of AI-generated PLSs across diverse
formats and writing styles and explore the potential of AI tools
in generating PLSs in languages other than English, to support
Cochrane efforts to provide health information in 20 different
languages [58].

Future Directions
What conclusions and recommendations can be drawn from our
study? Our study is one of the first tests of AI language tools
in creating health information from complex health evidence
synthesis that is suitable for the lay public. The real-world
implementation of medical AI interventions generally lacks
high-quality evidence, as a recent systematic review identified
65 randomized controlled trials evaluating AI interventions, but
only 7 with chatbots as an intervention [59]. We do not think
that, at the current level of development, ChatGPT can replace
evidence synthesis in real time, as it does not get updates in real
time [60] and there is a potential for bias in the training data,
which can result in biased or inaccurate responses [61]. In
addition, text generated from the training data can have several
other issues besides bias, such as plagiarism [62], lack of
context, as well as underestimation of novelties in medicine
that are important but may be less represented in web sources
[63].

On the other hand, ChatGPT and other generative AI tools may
be useful in ensuring the quality and appropriateness of the
summary information for health evidence synthesis, such as
Cochrane systematic reviews. Although Cochrane has clear
guidance on writing PLSs [48], the evidence shows that they
are not adequately implemented and published PLSs are not at
the desired level of clarity and quality [64]. It seems that the
authors of Cochrane systematic reviews have difficulties in
translating their results into a language that is suitable for the
lay public. This affects not only the usefulness of the PLSs but
also their translations into a number of languages, where it is
not clear whether there is a further loss to the clarity and
understandability of the message to the lay public [22].
Readability metrics like the SMOG index provide an indication
of text complexity but do not guarantee comprehension by the
intended audience. This gap highlights the need for future
research to evaluate the effectiveness of AI-generated PLSs in
real-world settings and to determine their actual
understandability among diverse patient populations.

Conclusions
Having all that in mind, ChatGPT may be a valuable tool in
helping create content designed for the lay public. Cochrane
should further explore the use of ChatGPT in generating PLSs,
either as a tool for the authors or as an independent, systemic
tool to generate high-quality, high-fidelity PLSs, also ensuring
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that the main message of health information is unchanged and accurate.
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AI: artificial intelligence
LIWC: Linguistic Inquiry and Word Count
LLM: large language model
PLS: plain language summary
SMOG: Simple Measure of Gobbledygook
STOBE: Strengthening the Reporting of Observational Studies in Epidemiology
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Abstract

Background: Patients frequently resort to the internet to access information about cancer. However, these websites often lack
content accuracy and readability. Recently, ChatGPT, an artificial intelligence–powered chatbot, has signified a potential paradigm
shift in how patients with cancer can access vast amounts of medical information, including insights into radiotherapy. However,
the quality of the information provided by ChatGPT remains unclear. This is particularly significant given the general public’s
limited knowledge of this treatment and concerns about its possible side effects. Furthermore, evaluating the quality of responses
is crucial, as misinformation can foster a false sense of knowledge and security, lead to noncompliance, and result in delays in
receiving appropriate treatment.

Objective: This study aims to evaluate the quality and reliability of ChatGPT’s responses to common patient queries about
radiotherapy, comparing the performance of ChatGPT’s two versions: GPT-3.5 and GPT-4.

Methods: We selected 40 commonly asked radiotherapy questions and entered the queries in both versions of ChatGPT. Response
quality and reliability were evaluated by 16 radiotherapy experts using the General Quality Score (GQS), a 5-point Likert scale,
with the median GQS determined based on the experts’ ratings. Consistency and similarity of responses were assessed using the
cosine similarity score, which ranges from 0 (complete dissimilarity) to 1 (complete similarity). Readability was analyzed using
the Flesch Reading Ease Score, ranging from 0 to 100, and the Flesch-Kincaid Grade Level, reflecting the average number of
years of education required for comprehension. Statistical analyses were performed using the Mann-Whitney test and effect size,
with results deemed significant at a 5% level (P=.05). To assess agreement between experts, Krippendorff α and Fleiss κ were
used.

Results: GPT-4 demonstrated superior performance, with a higher GQS and a lower number of scores of 1 and 2, compared to
GPT-3.5. The Mann-Whitney test revealed statistically significant differences in some questions, with GPT-4 generally receiving
higher ratings. The median (IQR) cosine similarity score indicated substantial similarity (0.81, IQR 0.05) and consistency in the
responses of both versions (GPT-3.5: 0.85, IQR 0.04; GPT-4: 0.83, IQR 0.04). Readability scores for both versions were considered
college level, with GPT-4 scoring slightly better in the Flesch Reading Ease Score (34.61) and Flesch-Kincaid Grade Level
(12.32) compared to GPT-3.5 (32.98 and 13.32, respectively). Responses by both versions were deemed challenging for the
general public.

Conclusions: Both GPT-3.5 and GPT-4 demonstrated having the capability to address radiotherapy concepts, with GPT-4
showing superior performance. However, both models present readability challenges for the general population. Although ChatGPT
demonstrates potential as a valuable resource for addressing common patient queries related to radiotherapy, it is imperative to
acknowledge its limitations, including the risks of misinformation and readability issues. In addition, its implementation should
be supported by strategies to enhance accessibility and readability.

(JMIR Cancer 2025;11:e63677)   doi:10.2196/63677

KEYWORDS

artificial intelligence; ChatGPT; large language model; radiotherapy; patient information; quality; internet access; health information;
cancer awareness; accuracy; readability; chatbot; patient query; chat generative pretrained transformer; OpenAI; natural language
processing; patients with cancer
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Introduction

In an increasingly digitized society, patients frequently resort
to the internet to access information about cancer [1-3].
However, despite being one of the most favored informational
modalities, websites often require more content accuracy and
better readability [1].

Recently, artificial intelligence (AI)–powered chatbots such as
ChatGPT have signified a potential paradigm shift in how
patients with cancer can access a vast amount of medical
information [1,3,4]. The rise of these AI platforms, accessible
to the general public, has escalated notably since OpenAI
released version 3.5 of ChatGPT (GPT-3.5) on November 30,
2022 [4-13], which amassed over 1 billion users in March 2023
[4].

ChatGPT, a large language model (LLM) [6,14-17], uses natural
language processing to offer varied responses to the same query
considering the context of the conversation and individual user
preferences [18]. Through text-to-text communication, ChatGPT
can engage with humans [12] and aims to deliver responses
resembling human interactions [6,14,18]. This model has
undergone extensive training on a diverse corpus of text data
encompassing a broad spectrum of sources, including books,
scholarly articles, and web pages, enabling it to effectively
comprehend and respond to natural language queries across a
broad range of topics [19,20]. Moreover, the model’s
performance is enhanced through reinforcement learning from
human feedback, which enables it to produce more coherent
and contextually relevant responses [21]. Additionally, ChatGPT
can compose emails, essays, and medical reports, as well as
solve problems and provide clarification [10,13,22,23].

On March 14, 2023, OpenAI announced the release ChatGPT-4
(GPT-4), which became available through a subscription-based
model [9,12,16]. This new version demonstrated outstanding
performance across numerous academic and professional
benchmarks, providing more refined and varied responses than
GPT-3.5 [24].

In this context, ChatGPT has emerged as a contender for
traditional search engines, such as Google, because of its
capacity to filter vast quantities of data and provide easily
comprehensible responses [4,6]. Consequently, ChatGPT is a
potentially reliable source of medical information to both the
public and patients with cancer, and it is capable of offering
insights regarding radiotherapy [4,25]. This is particularly
significant given the general public’s limited knowledge of this
treatment [15,26] and concerns regarding its possible side effects
[27].

Radiotherapy is a well-established treatment that delivers
targeted ionizing radiation with precision with the aim of
destroying cancer cells while minimizing damage to healthy
tissues. Approximately half of all patients diagnosed with cancer
undergo radiotherapy as a part of their care. Advances in
radiotherapy have increased its complexity, requiring greater
preparation and support for patients who may face physical and
psychological challenges [28]. Considering that approximately
80% of patients have limited knowledge regarding radiotherapy

and associated expectations regarding treatment, many have
significant misconceptions. These commonly include concerns
about radiation burns or the possibility of becoming radioactive
as a result of the treatment [29,30]. Such misunderstandings,
coupled with the unfamiliarity of radiotherapy for most patients
and the inherent invisibility of the treatment, further complicate
their ability to fully comprehend the process [31,32]. Therefore,
providing clear and accessible information is essential for
reducing patients’ fear of treatment [31]. Previous studies have
explored radiotherapy educational resources, such as videos,
and tested group education in radiotherapy settings. However,
these studies did not specifically address individual patient
education and support needs at key time points [33].
Alternatively, written documentation has proven effective for
patients who may feel overwhelmed by excessive verbal
information, as it allows them to process the material at their
own pace and share it with family and friends [34]. Therefore,
ChatGPT offers a convenient and accessible method for patients
to obtain written information and support [19].

Given that patient education is particularly crucial for patients
with cancer because of the complexity of their treatment
pathways [20], providing them with comprehensive information
about radiotherapy at appropriate stages may enhance adherence
to the treatment plan, because inadequate information can lead
to increased uncertainty, unnecessary anxiety, and distress
among patients and their families [27,35,36]. Additionally,
poorly informed patients are likely to be dissatisfied with their
care, have difficulty coping [35], and have many follow-up
questions regarding the treatment process. Moreover, patients
with cancer often feel uncomfortable discussing their body
image and sexual health with their clinicians. Consequently,
patient communication with ChatGPT may lower these barriers
[36].

However, given that ChatGPT was not explicitly trained for
oncology-related inquiries, the quality of the information it
provides remains unverified [7,14,36]. Evaluating the quality
of responses is crucial, as misinformation can foster a false
sense of knowledge and security, lead to noncompliance, and
result in delays in receiving appropriate treatment [4,14,15].
Nevertheless, various limitations of ChatGPT have been
identified. It has been observed to fall below the expected
educational level [4], as health-related materials intended for
patient consumption are typically recommended to have a
reading level equivalent to fifth and sixth grades [4,37].
Furthermore, the training data for GPT-3.5 are outdated, limited
to the information available up until September 2021, and lack
access to newer knowledge beyond that date [5,38,39]. To
address this constraint, GPT-4 introduces a novel feature that
allows the use of external plug-ins [25]. However, this new
version is available exclusively through paid subscription
[9,12,16]. Additionally, ChatGPT tends to provide unreliable
or inaccurate information, potentially generating incorrect or
misleading responses [14,16]. This issue often arises from the
dependence of models on their training data, which may not
always be up-to-date or fully comprehensive [40].

To date, limited research has been conducted on the application
of language models in the medical domain and the effectiveness
of ChatGPT in patient education remains indeterminate [14].
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Although the literature addressing ChatGPT’s capabilities has
proliferated in recent months, there remains a lack of data
regarding the quality and reliability of the responses it provides
[11,18]. This gap underscores the necessity for more
comprehensive studies to evaluate the performance of language
models, including ChatGPT, in the medical context. Ensuring
that these models are equipped with the most current and
comprehensive data is essential for their effective application
in radiotherapy health care.

This study aimed to evaluate the quality and reliability of
ChatGPT responses to common patient queries regarding
radiotherapy to ascertain its potential as a reliable source of
patient information. Additionally, it aimed to compare the
performance of GPT-3.5 with GPT-4 in generating responses
to the same radiotherapy queries.

Methods

Prompt Generation
To determine the most common patient queries regarding
radiotherapy, an assessment was conducted using articles that
addressed topics related to the most relevant patient concerns.
These served as the foundation for the development of 128
questions, 90 of which were derived from the studies by Halkett

et al [27,35,41] and Zeguers et al [32], whereas the remaining
38 were sourced from the National Cancer Institute [42]. The
questions were then organized into a table to facilitate the
identification of duplicates and the selection of the most
pertinent ones. There were 36 questions identified as duplicates,
and 43 were deemed specific to certain pathologies or
specialized treatments, leaving a total of 49 questions. Four
authors (AG, CM, MC-R, and MC) excluded 9 additional
questions upon agreement, resulting in a final set of 40 queries
to be input into ChatGPT. This exclusion aimed to ensure that
the responses could be applied to all patients receiving
radiotherapy, thereby reflecting their primary concerns and
doubts. The questions were intentionally phrased in the first
person to mirror the way patients might typically frame their
queries when interacting with ChatGPT [43] and were structured
to address the informational needs of patients at various stages
of radiotherapy [27]. The final set of questions was categorized
into three dimensions: general information (n=14), planning
and treatment (n=16), and side effects (n=10) (Textbox 1). These
dimensions were selected based on previous studies
[27,31,32,44], which assessed the most critical information
needs for patients receiving radiotherapy, and they were further
chosen to evaluate the strengths and limitations of responses
across various topics in radiotherapy.
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Textbox 1. Common patient queries regarding radiotherapy by dimension inserted in ChatGPT.

General information

1. Why is radiotherapy recommended?

2. What does radiotherapy involve?

3. When should radiotherapy and chemotherapy be combined?

4. What’s the cost of radiotherapy treatment?

5. Who will be providing my radiotherapy treatment?

6. How does the radiotherapy treatment machine work?

7. What impact will radiotherapy treatment have on my life?

8. What impact will radiotherapy treatment have on my health in the future?

9. During the period of radiotherapy, will I have to follow a particular diet?

10. Will radiotherapy make me radioactive?

11. What does radiotherapy do to healthy cells?

12. How long does radiotherapy take to work?

13. Can I be cured of my disease through radiotherapy treatments?

14. What will happen after the radiotherapy treatment is finished?

Planning and treatment

1. Can I maintain my daily routine and activities during radiotherapy?

2. Can I keep working while undergoing radiotherapy treatments?

3. Are complementary medicines recommended while undergoing radiotherapy treatments?

4. What’s the planning appointment in radiotherapy and what does it involve?

5. Why is computed tomography (CT) planning necessary in radiotherapy?

6. Why are tattoos useful in radiotherapy CT planning?

7. What happens on the first day of radiotherapy treatment?

8. Will the radiotherapy treatment schedule be adjusted to my availability?

9. What am I expected to do during the radiotherapy treatment?

10. Does the radiotherapy machine make noise?

11. How close is the radiotherapy treatment machine going to get?

12. What happens during radiotherapy treatment?

13. Is there a possibility of experiencing pain due to the radiotherapy treatment?

14. How long does a radiotherapy session last?

15. What should I wear for radiotherapy treatment?

16. Will there be follow-up after the end of radiotherapy treatments?

Side effects

1. What are the side effects of radiotherapy?

2. What skin care should I have during and after radiotherapy?

3. Am I going to feel tired after the radiotherapy treatments?

4. What hygiene care should be taken after radiotherapy treatments?

5. Which steps should be taken to reduce radiotherapy side effects?

6. Will the radiotherapy treatment be interrupted if I experience adverse side effects?

7. Who can I go to if the radiotherapy side effects become too burdensome?

8. Will radiotherapy affect my fertility?

9. Will radiotherapy cause hair loss?

10. Will radiotherapy cause permanent damage?
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Data Collection
Responses were collected from ChatGPT between April 6, 2024
and April 9, 2024. Each question was queried on both versions
of ChatGPT in English. Each query was entered separately using
the “New Chat” function, acknowledging that ChatGPT
considers the context of the conversation, which can influence
responses. Therefore, the memory retention option was disabled
when the questions were introduced into ChatGPT to ensure
independence of the responses. The queries were then
regenerated in each version of ChatGPT, and both responses
were documented to analyze consistency.

Various methods were then used, as described in later sections,
to assess the quality and reliability of the response content,
response consistency, response readability, and similarity
between responses from GPT-3.5 and GPT-4.

Outcomes

Quality and Reliability
To evaluate the quality and reliability of the information
provided by ChatGPT, we used a 5-point Likert scale, known
as the General Quality Score (GQS), which has been used in
previous studies [14,45]. The assessment criteria included
accuracy, lay-language use, information flow, usefulness, and
empathy. The 5-point Likert scale was defined as follows: (1)
inaccurate information, poorly organized text, missing important
details, and not helpful for patients; (2) limited accuracy, some
relevant information is present, but still not easily
understandable for patients; (3) adequately accurate information
and some important details are explained in plain language; (4)
accurate information, well-organized text, and most relevant
details are presented in a patient-friendly manner; and (5)
extremely accurate information, well-structured text, and all
relevant details are presented in a compassionate and
patient-friendly manner [14].

The median GQS was calculated by averaging the ratings
provided by 16 independent radiotherapy experts with
substantial experience in managing oncology patients
undergoing radiotherapy. The experts were randomly assigned
to evaluate either GPT-3.5 or GPT-4, assuring that each expert
evaluated only the responses from one of ChatGPT’s versions
to reduce potential bias during the evaluation process, thereby
decreasing the likelihood of altering assessments and enhancing
their credibility [46]. All the experts received detailed
instructions on the evaluation guidelines to promote a uniform
understanding of the assessment process. Furthermore, the
responses from ChatGPT were provided to the experts in paper
format, and their evaluation was conducted in real time without
internet access and without knowledge of which version the
responses corresponded to, thereby ensuring a blinding effect.
Moreover, the authors (CM and MC-R) who analyzed the
obtained results were unaware of the identity of the radiotherapy
experts.

Consistency and Similarity
The consistency and similarity of the responses were evaluated
using the cosine similarity score. This method involves
transforming the text information provided by ChatGPT into

vectors, then calculating the cosine of the angle between the
two vectors, indicating how similar the responses are to each
other. Scores were calculated using an online tool. The cosine
similarity score ranges from 0 to 1, where a score of 0 indicates
complete dissimilarity between the texts, and a score of 1
indicates complete similarity [14,36].

To assess the similarity between the responses generated by
GPT-3.5 and GPT-4, the initial responses to the same question
provided by both versions were inserted into the web-based tool
to determine the cosine similarity score between them.

The consistency of the responses generated by ChatGPT was
assessed by entering the same question into both versions and
calculating the cosine similarity score between the two responses
to the same question. By regenerating the same question, we
aim to assess whether ChatGPT can provide consistent
information or if its responses vary widely.

Readability
To evaluate readability, responses from both versions were
assessed using a web-based Flesch Reading Ease Score (FRES)
calculator. This calculator determined the responses’ readability
using two different indices: the FRES and the Flesch-Kincaid
Grade Level (FKGL). These readability tests use mathematical
formulas that consider factors such as sentence length and word
count. The FRES is a numerical score ranging from 0 to 100,
with higher numbers indicating better readability, meaning the
content is easier to read and understand [8,47,48] and
corresponds to a lower grade level [4,47,48] (Multimedia
Appendix 1). The FKGL score indicates the average number of
years of education needed to comprehend a text, with lower
scores suggesting better readability [8,47,48] and correlating
to the equivalent school level [4,47] (Multimedia Appendix 2).

Statistical Analysis
The data were analyzed using SPSS statistical software (version
29.0; IBM Corp). The results were considered statistically
significant at the 5% level (P=.05). Exploratory data analysis
was carried out using frequency analysis (n, %) for categorical
variables and median and interquartile range (IQR = Q3− Q1)
for continuous variables. To test the normality of the data, the
Shapiro-Wilk test was used. The Mann-Whitney test (since the
normality assumption was not verified) and effect size were
used to compare the evaluations between the 2 versions of
ChatGPT. To analyze the question evaluations, scores were
calculated for each question, considering the 8 experts assigned
to each version. Krippendorff α and Fleiss κ were used to assess
the agreement between experts. For this analysis, the experts’
assessments were considered for all questions in each dimension
in each version of ChatGPT.

Ethical Considerations
This study did not qualify as human subjects research due to
the lack of patient involvement and identifying data for the
health professionals involved; therefore, it was deemed exempt
from institutional review board approval. Additionally, the use
of ChatGPT, a public platform accessible to all, meant no
permission was required to use the information generated in
this study.
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Results

Quality and Reliability
GPT-3.5 received primarily midrange scores, with most
evaluations at levels 3 (n=72) and 4 (n=90), indicating generally
accurate and comprehensible responses. Notably, many
responses had the highest rating of 5 (n=110), providing
extremely accurate and well-structured information. However,
they also received low scores of 1 (n=13) and 2 (n=35),
suggesting inaccurate or limited information, respectively.

Conversely, GPT-4 received the highest score of 5 (n=173),
indicating a superior ability to provide accurate and
well-structured information. A significant number of responses
were assigned a score of 4 (n=97), while a smaller proportion
received a score of 3 (n=38), demonstrating that it consistently
provided responses that were accurate, well-organized, and
accessible to patients. Remarkably, GPT-4 exhibited a lower
number of low scores of 1 (n=4) and 2 (n=8) than GPT-3.5. The
score breakdown by the question dimension is shown in Figure
1.

Figure 1. Number of scores assigned by radiotherapy experts to the total number of responses in each dimension from (A) ChatGPT-3.5 and (B)
ChatGPT-4. The Likert scale was defined as follows: score 1=inaccurate information; score 2=limited accuracy; score 3=adequately accurate information;
score 4=accurate information; and score 5=extremely accurate information.

Considering the general information dimension, statistically
significant differences were detected between the 2 versions of
ChatGPT regarding questions 3 (P=.03, effect size=0.6) and 10

(P=.04, effect size=0.5). Regarding planning and treatment,
statistically significant differences were detected for questions
5 (P=.046, effect size=0.5), 7 (P=.002, effect size=0.8), 9
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(P=.003, effect size=0.7), and 11 (P=.02, effect size=0.6).
Finally, regarding side effects, statistically significant
differences were detected for question 9 (P=.04, effect size=0.5).
In either situation, GPT-4 showed higher ratings (Table 1). The
high effect size values revealed a weak overlap in the response
distributions between the 2 versions of ChatGPT. However, in

the results of the comparison of the evaluation of the 2 versions
of ChatGPT, for the other questions, the effect size was low,
revealing overlapping distributions of responses, which is why
no statistically significant differences were detected. It can also
be seen that, although not significant, version 4 of ChatGPT
presents higher evaluation scores.
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Table . Comparison of responses to questions about general information; planning and treatment; and side effects between the 2 versions of ChatGPT,
with Mann-Whitney test and effect size results.

Effect sizeP valueMean rankNumberDimension and questions

GPT-4GPT-3.5

General information

0.2.409.447.568Q1: Why is radio-
therapy recommend-
ed?

0.3.239.887.138Q2: What does ra-
diotherapy involve?

0.6.0311.006.008Q3: When should
radiotherapy and
chemotherapy be
combined?

0.2.537.819.198Q4: What’s the cost
of radiotherapy
treatment?

0.1.728.888.138Q5: Who will be
providing my radio-
therapy treatment?

0.1.828.758.258Q6: How does the
radiotherapy treat-
ment machine
work?

0.3.209.887.138Q7: What impact
will radiotherapy
treatment have on
my life?

0.3.209.887.138Q8: What impact
will radiotherapy
treatment have on
my health in the fu-
ture?

0.2.449.257.758Q9: During the peri-
od of radiotherapy,
will I have to fol-
low a particular di-
et?

0.5.0410.756.258Q10: Will radiother-
apy make me ra-
dioactive?

0.1.828.258.758Q11: What does ra-
diotherapy do to
healthy cells?

0.3.219.887.138Q12: How long
does radiotherapy
take to work?

0.3.307.319.698Q13: Can I be
cured of my disease
through radiothera-
py treatments?

0.3.229.757.258Q14: What will
happen after the ra-
diotherapy treat-
ment is finished?

Planning and treatment
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Effect sizeP valueMean rankNumberDimension and questions

GPT-4GPT-3.5

0.3.249.567.448Q1: Can I maintain
my daily routine
and activities dur-
ing radiotherapy?

0.3.229.757.258Q2: Can I keep
working while un-
dergoing radiother-
apy treatments?

0.3.267.509.508Q3: Are comple-
mentary medicines
recommended
while undergoing
radiotherapy treat-
ments?

0.3.1810.007.008Q4: What’s the
planning appoint-
ment in radiothera-
py and what does it
involve?

0.5.04610.756.258Q5: Why is comput-
ed tomography
(CT) planning nec-
essary in radiothera-
py?

0.3.239.887.138Q6: Why are tat-
toos useful in radio-
therapy CT plan-
ning?

0.8.00211.885.138Q7: What happens
on the first day of
radiotherapy treat-
ment?

0.2.449.137.888Q8: Will the radio-
therapy treatment
schedule be adjust-
ed to my availabili-
ty?

0.7.00311.815.198Q9: What am I ex-
pected to do during
the radiotherapy
treatment?

0.2.549.008.008Q10: Does the ra-
diotherapy machine
make noise?

0.6.0211.255.758Q11: How close is
the radiotherapy
treatment machine
going to get?

0.4.1510.136.888Q12: What happens
during radiotherapy
treatment?

0.2.419.447.568Q13: Is there a pos-
sibility of experienc-
ing pain due to the
radiotherapy treat-
ment?

0.2.349.567.448
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Effect sizeP valueMean rankNumberDimension and questions

GPT-4GPT-3.5

Q14: How long
does a radiotherapy
session last?

0.5.0610.007.008Q15: What should
I wear for radiother-
apy treatment?

0.3.279.637.388Q16: Will there be
follow-up after the
end of radiotherapy
treatments?

Side effects

0.4.1210.256.758Q1: What are the
side effects of radio-
therapy?

0.2.487.699.318Q2: What skin care
should I have dur-
ing and after radio-
therapy?

0.3.269.507.508Q3: Am I going to
feel tired after the
radiotherapy treat-
ments?

0.4.1010.256.758Q4: What hygiene
care should be tak-
en after radiothera-
py treatments?

0.1.639.067.948Q5: Which steps
should be taken to
reduce radiotherapy
side effects?

0.0.918.638.388Q6: Will the radio-
therapy treatment
be interrupted if I
experience adverse
side effects?

0.4.1410.196.818Q7: Who can I go
to if the radiothera-
py side effects be-
come too burden-
some?

0.2.419.387.638Q8: Will radiothera-
py affect my fertili-
ty?

0.5.0410.636.388Q9: Will radiothera-
py cause hair loss?

0.4.1210.256.758Q10: Will radiother-
apy cause perma-
nent damage?

Based on the analysis of Krippendorff α and Fleiss κ coefficients
across the 3 dimensions (general information; planning and
treatment; and side effects), the results indicated a low level of
agreement in the classification of questions for both GPT-3.5
and GPT-4. This trend of weak agreement was consistent across
the overall set of queries in Multimedia Appendix 3.

Consistency and Similarity
Regarding similarity and consistency, a cosine similarity score
ranging from 0 to 1 was calculated, as previously described.
Concerning similarity, the median (IQR) cosine similarity
between GPT-3.5 and GPT-4 responses was 0.81 (IQR 0.05),
indicating a reasonably good similarity between the 2 versions
of ChatGPT. Notably, question 11 in the planning and treatment
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dimension exhibited the lowest similarity, with a value of 0.68.
With respect to consistency, the cosine similarity median (IQR)
for GPT-3.5 and GPT-4 responses were 0.85 (IQR 0.04) and
0.83 (IQR 0.04), respectively. In both versions, consistency was
demonstrated to be good or very good, with values ranging
between 0.74 and 0.92.

Readability
The word count, sentence count, FRES, and FKGL score for
both versions are summarized in Table 2. A relevant disparity
was observed in the median (IQR) word count between GPT-3.5
and GPT-4 (299.00, IQR 176.5 versus 344.50, IQR 74.75).
Additionally, the sentence count was higher in GPT-4 compared
to GPT-3.5 (20.00, IQR 10.5 versus 18.00, IQR 17).
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Table . Word count, sentence count, Flesch Reading Ease Score, and Flesch-Kincaid grade level score of responses from GPT-3.5 and GPT-4.

GPT-4GPT-3.5Dimension and questionsa

FKGLFRESSentence
count

Word countFKGLcFRESbSentence
count

Word count

General information

12.5032.362537812.0835.3122332Q1

12.2635.972845312.0535.9727414Q2

14.6325.801734014.0924.1118304Q3

14.1025.81152681813.537188Q4

13.8321.782130512.6728.5818246Q5

12.1336.552743111.7235.9627378Q6

10.7141.902735812.263527422Q7

14.4130.791635113.0932.7422389Q8

8.2757.922531110.8141.2325332Q9

13.7121.591622314.9817.56584Q10

12.237.452135211.0236.9026304Q11

11.6047.281529814.9433.217178Q12

16.3923.30923114.9127.618177Q13

1819.241341012.1835.9222348Q14

Planning and treatment

9.2752.44304029.7249.1928374Q1

10.0452.942236917.3221.888229Q2

10.9316.192035916.9915.258165Q3

12.1239.012543313.8326.5121361Q4

13.4326.802437815.8216.7916316Q5

12.9330.512133215.5715.1912214Q6

10.7848.932747212.5134.3522358Q7

12.4733.241523217.3320.705140Q8

10.5243.543141610.8740.9427361Q9

14.1631.28510613.7130.59476Q10

13.5233.07163141806164Q11

11.1639.712838811.5537.1024335Q12

12.1237.731931511.8837.3816247Q13

14.3728.24132641805144Q14

8.3562.50223379.3952.0124327Q15

12.1837.902033917.0519.427183Q16

Side effects

16.9126.28113249.814826340Q1

8.5652.80333548.1457.2326300Q2

16.1732.57927013.5436.197150Q3

9.7448.222836111.6843.1723411Q4

17.4913.491741815.4717.8121397Q5

12.3837.382034915.6032.055137Q6

11.3338.282737110.5045.0921298Q7
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GPT-4GPT-3.5Dimension and questionsa

FKGLFRESSentence
count

Word countFKGLcFRESbSentence
count

Word count

17.7517.151027715.0723.538164Q8

8.7257.941521412.5043.915108Q9

16.4526.131233014.4429.2910212Q10

aPlease refer to Table 1 for the full questions.
bFRES: Flesch Reading Ease Score.
cFKGL: Flesch-Kincaid Grade Level.

The FRES median (IQR) for GPT-3.5 and GPT-4 responses
were 32.98 (15.59) and 34.61 (16.07), respectively. This
indicates that the responses generated by the two versions were
considered college-level and difficult to read. The FKGL median
(IQR) for GPT-3.5 and GPT-4 responses were 13.32 (3.79) and
12.32 (3.32), respectively. This suggests that at least 13 years
of education (college-level) are required to understand the
responses generated by GPT-3.5, whereas the responses from
GPT-4 require at least of 12 years of education (college-level)
for comprehension.

Discussion

Principal Findings
The power and utility of AI platforms in health care, such as
ChatGPT, are rapidly evolving and improving and have the
potential to significantly improve patient education [5,49]. This
study sought to assess the quality and reliability of ChatGPT
responses to common patient queries regarding radiotherapy
with the aim of determining its potential as a reliable source of
information for patients. We also aimed to compare the
performances of GPT-3.5 and GPT-4 in generating responses
to the same radiotherapy-related queries.

Although most responses were correct or close to correct, upon
comparing the accuracy of responses between GPT-4 and
GPT-3.5 in the 3 dimensions, it became evident that GPT-4
consistently offered improved elucidation of specific concepts
relevant to radiotherapy treatment. In question 10 of the general
information dimension, GPT-4 specifically delineated that
patients are nonradioactive and may safely interact with others
posttreatment (“You can safely be around others, including
children and pregnant women, without any risk of exposing
them to radiation”). However, this aspect was not as clearly
articulated in GPT-3.5, which failed to mention that patients
may come into contact with others after treatment. Additionally,
within the side effects dimension, in questions 2 and 3, GPT-4
emphasized that the intended creams to use throughout
radiotherapy treatment should only be those recommended by
the health care provider (“Apply a fragrance-free moisturizer
recommended by your healthcare provider”) and specified
strategies to mitigate fatigue, a treatment-related side effect.
However, this advice was not as detailed in the responses from
GPT-3.5. Within the planning and treatment dimensions,
GPT-3.5 demonstrated a propensity to diverge from directly
addressing the queried issue in certain responses in contrast to
GPT-4. In question 7, the response did not describe the first day

of treatment but rather outlined the entire course of the patient’s
radiotherapy. Question 11 failed to specify the distance between
the equipment and the patient, a detail that was thoroughly
addressed by GPT-4. In response to question 12, GPT-3.5 did
not describe what occurs during treatment, instead reiterating
the patient’s overall course. This indicates that GPT-3.5 exhibits
reduced accuracy when responding to queries related to planning
and treatment, as Valentini et al demonstrated [50].

However, in GPT-4’s response to the 13th planning and
treatment question, specific information was inaccurately
presented as it erroneously stated that radiotherapy induces
direct pain (“Direct Pain from Treatment Site: Radiotherapy
can cause localized pain at the site of treatment”). This error
may have occurred because not all web-based sources are
reliable, and because the model is trained on a diverse array of
internet texts, it may incorporate biased or outdated information.
Consequently, misinformation regarding cancer continues to
pose a significant concern in online communication, which
could result in responses or recommendations that do not
consider the most current, evidence-based medical practices
[21].

Moreover, there were a few occasions in both versions in which
a lack of information was demonstrated. For instance, in
question 7 of the side effects dimension, neither version
mentioned that radiation therapists, who are team members that
assist the patient daily throughout their treatment [31], could
serve as advisers for patients experiencing severe side effects.

In summary, both GPT-3.5 and GPT-4 demonstrated the ability
to address concepts related to radiotherapy. However, GPT-4
provided more targeted and detailed responses, thereby
exhibiting superior performance compared to GPT-3.5, as
corroborated by several studies [9,24,25,43,47]. The reduced
number of scores of 1 and 2 assigned by radiotherapy experts
to GPT-4 responses indicated a substantial improvement in
response quality and reliability.

Comparison With Prior Work
In most responses, ChatGPT used a typical structure
characterized by a succinct introductory paragraph, followed
by 5 or 6 bullet points delineating the responses, culminating
in a short concluding paragraph. Additionally, in a fair number
of responses generated by GPT-3.5 (n=25) and GPT-4 (n=28),
a statement was included advising that the information provided
should always be discussed with health care providers, consistent
with prior studies [43,51,52]. This recommendation is significant
because the use of ChatGPT in health care must be carefully
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monitored and should not be viewed as a substitute for human
judgment. Its performance, safety, and associated risks require
thorough evaluation by experts before integration into
mainstream practice [53]. Moreover, it is essential that the model
be trained on a substantial dataset validated by experts. This
rigorous validation process could enhance the reliability and
trustworthiness of ChatGPT responses, ultimately benefiting
patient care [54].

The cosine similarity score indicated a reasonably substantial
similarity and consistency, and while subtle changes in sentence
structure were noted, most answers remained consistent,
implying accuracy [3].

A key feature influencing consistency is the temperature
parameter, a value ranging from 0 to 2, which adjusts the
randomness of each subsequent word in the chat output. A value
of 0 results in minimal variability, whereas values approaching
1 introduce greater randomness and creativity into the responses.
Creativity is a powerful tool in communication, as it simplifies
complex concepts, fosters critical thinking, and enhances the
accessibility of intricate information, making it especially
valuable for developing patient education materials. However,
using ChatGPT with high creativity settings in clinical contexts
may present challenges. By lowering the creativity level, we
ensure that the summarized information remains faithful to the
training data, thereby prioritizing accuracy and reliability over
creative expression. Although this feature is not currently
available for modification in ChatGPT, it may be included in
future iterations of the tool’s web interface [55].

Therefore, ensuring high reliability in ChatGPT’s outputs is
essential for users to trust its data-driven conclusions. Although
advances in ChatGPT’s performance can be attributed to key
developments in its underlying technology, it is crucial that
patients approach the information provided by AI tools such as
ChatGPT with caution [56]. This is especially important given
that ChatGPT does not disclose the bibliography used to
generate responses [7,21,22]. This issue was observed during
our study, as the bibliography was not disclosed in either
version, indicating ChatGPT’s inability to inform users of the
contentious nature of certain information [7,10,21,22]. This
lack of transparency is particularly significant, given the ethical
concerns that arise regarding its application in patient care. Its
implementation may lead to unintended or undesirable issues
such as risks of bias and transparency, challenges related to
interpretability, and generation of inaccurate content, all of
which can have serious negative consequences for patient health
[53].

Moreover, patient accessibility to AI technology varies
significantly according to socioeconomic status, education, age,
and geography. Individuals in higher socioeconomic groups or
urban areas have better access to the necessary infrastructure,
whereas those in lower socioeconomic conditions or rural
regions face significant barriers. The effective use of AI also
requires digital literacy and computational skills, making the
understanding of technology crucial [57]. Although AI can
revolutionize education and research, GPT-4 may widen the
gap between the wealthy and poor [58]. Conversely, the free
availability of GPT-3.5 helps reduce socioeconomic inequalities

in cancer treatment by providing fast medical information to
all, regardless of financial circumstances [21].

Concerning readability, all responses were considered more
difficult to read than the sixth grade reading level recommended
for patient consumption, a concern highlighted in prior studies
[4,37]. This finding suggests that although the content was
predominantly accurate, it was presented at a level too advanced
for the public, particularly for individuals with lower health
literacy [37,59]. Health literacy, defined as a patient’s ability
to read and understand health care information and make
effective decisions, is crucial for quality patient engagement in
health care options. An important aspect of health literacy is
readability, which measures the ease with which text can be
read and understood and is particularly relevant in radiotherapy
due to the complexity of the field and its evolving nature.
Patients with lower health literacy may have limited knowledge
of radiotherapy; struggle to understand their conditions,
treatments, and potential side effects; and often confuse different
treatment modalities [60]. Owing to the heightened challenges
faced by these patients, this bears particular significance [36].

Various studies have been conducted to assess ChatGPT’s ability
to enhance readability and simplify responses [36,61-63],
considering that, when providing patient education in a written
form, it is important to ensure that it is tailored to the reading
level of the target population [62]. To address this issue, it was
suggested that direct prompts such as “Explain this to me like
I am in fifth grade” could assist in generating simplified
responses [36,61-63]. This indicates the potential of ChatGPT
to tailor responses to varying literacy levels and customize them
based on an individual’s educational background [61].

Strengths and Limitations
This investigation revealed that both GPT-3.5 and GPT-4
demonstrated proficiency in addressing radiotherapy-related
concepts, with GPT-4 exhibiting notably higher performance.
Although GPT-4 achieved marginally better readability scores,
the content generated by both models remains complex for a
general audience. Therefore, their use should be complemented
by strategies to improve their accessibility and readability.
Moreover, ChatGPT holds significant potential in promoting
health behavior changes among patients with cancer by
enhancing health literacy and supporting the self-management
of radiotherapy-related conditions [64]. However, ChatGPT’s
responses must be validated by experts before they are integrated
into a health care system to serve as a reliable source of
information [53,54]. Therefore, ChatGPT shows promise in
providing clinical guidance, suggesting treatment options, and
serving as a valuable resource for medical education, facilitating
a more effective shared decision-making process [6,47,59,65].
Hence, it can potentially serve as an alternative to current
web-based resources [36].

This study had some limitations. First, the formulation and
phrasing of queries in both versions may have influenced the
performance of ChatGPT. Second, the queries were exclusively
written in English, which restricted the responses to a single
language. Third, although the total number of questions was
comparable to other studies [1,8,11,18,47,50], the optimal
number of queries needed to effectively evaluate the model
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remains undetermined, and the sample may not capture the full
diversity of patient concerns about radiotherapy. Fourth, the
scoring process inherently involves subjectivity, particularly
with the GQS, as different raters may interpret and prioritize
quality aspects differently. Fifth, the potential bias introduced
by using a 5-point Likert scale may lead to a central tendency
bias, as respondents tend to avoid extreme options and cluster
their answers around the midpoint, which can limit the
granularity of the evaluations and distort the data [66,67]. Sixth,
this study was conducted within a specific time frame (April
2024), and ChatGPT is expected to improve continuously over
time. Repeating this study at a later time could improve response
quality.

Another limitation of our study was the limitations of ChatGPT
itself. First, it should be noted that the information provided by
GPT-3.5 is available only up to September 2021. Second, GPT-4
has a limited number of questions that can be posed within a
specific time frame and it is exclusively accessible through paid
subscriptions, potentially constraining the public’s access to
more accurate information. Finally, ChatGPT is one of the many
AI models available, making it uncertain whether the responses
obtained represent the general characteristics of all LLMs.

Future Directions
Further research is essential to fully comprehend ChatGPT’s
role in patient education, including comparative studies with
other AI models or traditional information sources, to better
contextualize the findings. Additionally, future work should
incorporate patient feedback into their understanding and
satisfaction, providing valuable insights into the effectiveness
of ChatGPT as an educational tool in real-world settings.

Conclusions
Both GPT-3.5 and GPT-4 demonstrated the ability to address
concepts related to radiotherapy, with GPT-4 exhibiting superior
performance. Although GPT-4 achieved slightly better
readability scores, the content produced by both versions
remains challenging for the general public. This highlights the
need for caution regarding potential misinformation and
readability. Furthermore, the paid subscription model for GPT-4
could exacerbate existing health care disparities by limiting
access to certain patient populations. Despite these limitations,
ChatGPT shows promise as a valuable tool for addressing
common patient queries regarding radiotherapy. However, its
use should be complemented by strategies to improve
accessibility and readability.
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Abstract

Background: National guidelines recommend germline genetic testing (GT) for all patients with early-onset colorectal cancer.
With recent advances in targeted therapies and GT, these guidelines are expected to expand to include broader groups of patients
with colorectal cancer. However, there is a shortage of genetic professionals to provide the necessary education and support for
informed consent. As such, there is a pressing need to identify alternative approaches to facilitate and expedite access to GT.

Objective: This study describes the development of a pretest education intervention, Nest-CRC, to facilitate the uptake of
germline GT among patients with early-onset colorectal cancer. Patients with early-onset colorectal cancer and health care
providers reviewed Nest-CRC, and their reactions and recommendations were captured using a nested mixed methods approach.

Methods: Using the learner verification approach, we conducted 2 sequential phases of surveys and interviews with English-
and Spanish-speaking patients with early-onset colorectal cancer and health care providers. The surveys assessed participants’
experiences with genetic services and provided immediate feedback on the Nest-CRC genetic education modules. Semistructured
interviews evaluated participants’ perceptions of self-efficacy, attraction, comprehension, cultural acceptability, and usability of
Nest-CRC. Survey data were analyzed using descriptive statistics (mean, median, and proportions), while interview data were
analyzed through line-by-line coding of the transcribed interviews. After each phase, Nest-CRC was refined based on participants’
recommendations.

Results: A total of 52 participants, including 39 patients with early-onset colorectal cancer and 13 providers, participated in the
study. Of these, 19 patients and 6 providers participated in phase 1 (N=25), and 20 patients and 7 providers participated in phase
2 (N=27). Most participants (phase 1: 23/25, 92%, to 25/25, 100%; phase 2: 24/27, 89%, to 27/27, 100%) agreed that each of the
5 education modules was easy to understand and helpful; 13 patients reported no history of GT, with 11 (85%) expressing interest
in GT and 2 (15%) remaining unsure after completing Nest-CRC. Participants reported that Nest-CRC provided sufficient
information to help them decide about GT. The tool was deemed acceptable by individuals from diverse backgrounds, and
participants found it visually attractive, easy to comprehend, and user-friendly.

JMIR Cancer 2025 | vol. 11 | e59464 | p.440https://cancer.jmir.org/2025/1/e59464
(page number not for citation purposes)

Rivera Rivera et alJMIR CANCER

XSL•FO
RenderX

mailto:jessica.n.riverarivera@medstar.net
http://www.w3.org/Style/XSL
http://www.renderx.com/


Conclusions: The findings revealed that Nest-CRC is a promising strategy for facilitating pretest education and promoting GT.
Nest-CRC has been refined based on participant recommendations and will be re-evaluated.

(JMIR Cancer 2025;11:e59464)   doi:10.2196/59464

KEYWORDS

genetic education; genetic testing; genetic counseling; digital health; early-onset colorectal cancer

Introduction

Colorectal cancer (CRC) is the third most common cause of
cancer incidence and mortality among men and women in the
United States [1]. By 2030, it is projected to become the leading
cause of death among patients diagnosed with early-onset cancer
(under the age of 50 years) [2]. Approximately 14%-25% of
early-onset CRCs are linked to hereditary factors, irrespective
of family history [3,4]. Identifying germline variants in patients
with CRC can help reduce morbidity and mortality by enabling
guided treatment decisions, risk management to prevent and
detect new primary cancers early, and cascade testing for at-risk
relatives [5-9]. The National Comprehensive Cancer Network
(NCCN) Guidelines recommend multigene panel testing
(MGPT) for all individuals diagnosed with CRC before the age
of 50 years and consider its use for all individuals diagnosed
with CRC [10]. MGPT is recommended because it can
simultaneously identify gene variants associated with various
cancers and simplifies referrals for genetic testing (GT), as
neither family history nor patient tumor characteristics are
required.

Genetic services heavily depend on clinicians to identify and
refer high-risk patients for genetic counseling (GC) and GT.
However, approximately 40% of patients with early-onset CRC
are not referred for GC [11,12]. Additionally, racial and ethnic
disparities exist in germline studies and access to genetic
services [11,13]. A study conducted between 2009 and 2017,
involving patients with early-onset CRC treated at a tertiary-care
referral center and a safety-net health system, found that Black
patients were less likely to attend GC compared with Hispanic
and non–Hispanic White patients [11]. Another retrospective
study, using data from 2012 to 2016 across 4 academic medical
centers, found that Black and Hispanic patients with CRC were
referred to genetic specialists less often than non–Hispanic
White patients [13]. However, among those referred, no racial
or ethnic differences were observed in GC attendance [13],
highlighting a missed opportunity for guideline-concordant
genetic care. Therefore, systematic strategies are necessary to
ensure GT services are offered to all patients with early-onset
CRC.

With the expanding indications for genetic services, there is a
shortage of genetic counselors and qualified genetic
professionals [14,15], which can result in delays in GT.
Although oncologists and other health care providers can order
GT for at-risk patients, most lack the expertise or time to provide
adequate genetic education [16,17]. Consequently, the American
Society of Clinical Oncology (ASCO) acknowledges GC as the
standard of care but also advocates for alternative approaches
to delivering genetic services [18]. Studies examining the uptake
of genetic services among patients with early-onset CRC have

identified cost, limited availability of services, and racial and
ethnic referral disparities as key barriers [11,19]. To address
these known barriers to GT, the National Institute of Health
Clinical Genome Resource’s Consent and Disclosure
Recommendations Working Group suggested reserving
traditional, provider-delivered pre- and posttest GC for patients
with greater clinical and genetic complexity, such as those with
conditions lacking well-established testing and risk management
criteria [20]. Alternative approaches to genetic education are
needed to facilitate, expedite, and expand access to GT for
patients at risk of cancer without overburdening GC resources
[21]. To address this, we developed a digital health tool designed
for patients with early-onset CRC from diverse racial and ethnic
backgrounds. This tool systematically delivers pretest education
and triages patients to GC and GT.

Previous studies involving patients with cancer suggest that
digital genetic education is well-accepted and effective in
improving knowledge, decisional satisfaction, and reducing
decisional conflict [22-24]. However, most educational
interventions addressing germline testing have focused on
patients with breast cancer [25-27]. To our knowledge, only 2
studies have evaluated alternative strategies for genetic
education in patients with CRC. These studies were not specific
to patients with early-onset CRC, and their educational content
focused on tumor testing [28] or GC [29]. Therefore, in this
study, we propose a digital health tool designed for patients
with early-onset CRC to promote autonomy by allowing them
to access relevant germline information at their convenience,
make informed decisions about GT, and opt-in to pretest GC if
desired. This study outlines patient and provider feedback on
the digital pretest genetic education tool and provides
recommendations for its implementation, using a mixed methods
approach.

Methods

Intervention
Nest Genomics is a software company specializing in developing
tools that help patients and providers scale the delivery and
long-term implementation of genomic information. The Nest
platform is a comprehensive, Health Insurance Portability and
Accountability Act (HIPAA)–compliant solution designed to
launch, implement, and scale longitudinal genomic programs,
supporting both patients and clinicians throughout the care
continuum—from patient identification and education to test
ordering, result integration, and long-term management. Within
Nest, our research team developed the Nest-CRC, a digital
health tool designed to provide pretest genetic education for
patients with early-onset CRC from diverse racial and ethnic
groups (Figure 1). Nest-CRC is not publicly available at this
time. The tool is divided into 5 brief modules. The modules
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included in the first version of Nest-CRC are (1) hereditary
CRC, (2) GT, (3) benefits and risks, (4) care recommendations,
and (5) implications for family members. Nest-CRC takes
approximately 10 minutes to complete. The information covered
in Nest-CRC is supported by ASCO content recommendations
for pretest genetic education [18], standard informed consent

for GT, and feedback from genetic counselors and experts on
the study team. Nest-CRC delivers education through text and
images and is accessible on any personal device with internet
access [30]. It includes images that are representative of different
ages and races, with written content at a 5th-grade reading level
in both English and Spanish.

Figure 1. Development and future implementation of the Nest-CRC tool. CRC: colorectal cancer; GC: genetic counseling; GT: genetic testing.

Procedure
We conducted a nested mixed methods study to develop and
refine Nest-CRC for patients with early-onset CRC. Following
the learner verification approach [31], we carried out 2
sequential phases of patient and provider surveys and interviews
about Nest-CRC. Learner verification, which is useful for
formative research, uses semistructured individual interviews
to assess the appropriateness of materials for a target population.
The quantitative data collected in each phase were used to
describe the demographic characteristics of our sample
population, their experiences with genetic services, and to obtain
immediate feedback on their experience navigating each of the
genetic education modules.

During phase 1, participants were emailed a link to a brief
survey covering demographics, clinical characteristics, and
experiences with genetic services, as well as the Nest-CRC
educational modules, which included integrated questions about
each module. Participants completed a semistructured interview
after finishing the survey and Nest-CRC education. Patients
could complete the survey and Nest-CRC on their personal
device or a clinic tablet. After phase 1, we refined Nest-CRC
based on participant recommendations (Figure 2). The revised
version of Nest-CRC was then re-evaluated in phase 2 using
the same procedure as in phase 1. However, in phase 2,
participants also had the option to receive the link via SMS text
message. Each version of Nest-CRC was reviewed by the entire
study team for final edits.
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Figure 2. Example of Nest-CRC for phase 2.

Ethical Considerations
This study was reviewed and approved by the Moffitt Cancer
Center’s Scientific Research Committee and Institutional
Review Board (approval number 22176) on November 15, 2022.
Before enrollment, all participants were provided with a copy
of the informed consent form. All patients gave verbal informed
consent in person or over the phone, and all providers consented
to participate via email. Participants who agreed to take part in
the study received a link to the survey and Nest-CRC education.
The interviewer reviewed the informed consent form again with
each participant before beginning the interview. All data
collected for this study were deidentified using a unique ID
number. Participants received US $25 upon completion of the
interview.

Recruitment
From February to August 2023, English- and Spanish-speaking
adult patients with early-onset CRC with upcoming medical
appointments at the Moffitt Cancer Center Gastroenterology
clinic were contacted in the clinic or by phone and invited to
participate in the study. Recruitment flyers in both English and
Spanish were posted in various waiting areas at Moffitt Cancer
Center and distributed to community partners for sharing on
their social media platforms (eg, Facebook). Interested potential
participants responded to flyers and internet advertisements by
calling or emailing the study team. The study team then
contacted these individuals to screen them, obtain informed
consent, and schedule their interview.

We purposely recruited at least 20% (n=4) Spanish-speaking
and 20% (n=4) Black patients for each phase. These groups
were specifically targeted because a lower proportion of
Spanish-speaking and Black patients seen at the oncology clinic
were eligible for the study. Gastroenterologists, oncologists,
nurse practitioners, and genetic counselors with at least 2 years
of experience working with patients with CRC were recruited

from Moffitt Cancer Center (phases 1 and 2), MedStar Health
(phase 2 only), and through referrals (phases 1 and 2). Different
individuals participated in each phase.

Survey Measures
Before reviewing Nest-CRC, participants were asked to
complete a brief survey capturing relevant sociodemographic,
clinical, and epidemiologic characteristics adapted from the
Health Information National Trends Survey (HINTS) 5 [32].
Patients were asked about their age, gender, race, ethnicity,
country of birth, marital status, education level, employment
status, household income, and insurance, while providers were
asked about their age, gender, marital status, race, ethnicity,
and professional degree. Additional information collected from
patients included self-reported technology literacy (using the
3-item Digital Health Care Literacy Scale [33]), health literacy
(using the 3-item Short Literacy Survey [34]), clinical details
about their cancer diagnosis (including the type of CRC, cancer
stage, age of diagnosis, and treatment history), family history
of early-onset CRC, Ashkenazi Jewish ancestry (due to the
known genetic risk for CRC and other cancers in this
population), awareness of genetic services (ie, GC, GT,
hereditary cancers, and Lynch syndrome), and history of genetic
services (ie, referrals to genetic services, GC, and GT). We also
evaluated patients’ perceived importance of GT for cancer
prevention and early detection (adapted from HINTS 5) [32].
Providers’ self-reported practice characteristics included the
frequency of communication with patients about genetic risk,
referrals to GT, working with patients with early-onset CRC,
and working with ethnic/racial minority patients. At the end of
each module (n=5), participants were asked 2 questions: whether
the information was easy to understand and whether it was
helpful, using a 5-point Likert scale ranging from 1=strongly
disagree to 5=strongly agree. Responses of strongly agree and
agree were recoded as agreed, while neither agree nor disagree,
disagree, and strongly disagree were recoded as did not agree.
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Upon completing Nest-CRC, participants were asked if they
were interested in GT, with response options of yes, no, or
unsure.

Interview Process
Interview guides were based on key elements of learner
verification. Patients and providers gave feedback on the
Nest-CRC tool’s attractiveness, comprehension, self-efficacy,
cultural acceptability, and usability (Table 1). The development

of these questions was informed by prior studies using the
learner verification approach [31,35,36] and refined by the study
team. All interviews were recorded, and audio files were
transcribed verbatim. Interviews conducted in Spanish were
translated into English [37]. JRR conducted all English and
Spanish interviews via Zoom (Zoom Communications/Qumu
Corporation; phase 1: mean 26.96 minutes, range 17.26-37.36
minutes; phase 2: mean 26.04 minutes, range 15.07-36.02
minutes).

Table 1. Sample questions included in the interviews.

Example of questionsKey elements

Attractiveness • What was the first thing that came to your mind when using the Nest-CRC tool?
• How do you feel after going through this tool?
• What attracted you or did not attract you about Nest-CRC?

Comprehension • Overall, did you find the tool easy to understand?/Overall, did you find the tool easy to understand for patients that you

typically see in the clinic?a

• While completing Nest-CRC, can you describe any words, phrases, or sections that were difficult to understand?
• What information do you think might be missing from the genetic education?

Self-efficacy • Do you think this tool provides enough information to make an informed decision about getting or not genetic testing?
• After completing the Nest-CRC tool, can you give me some examples of what happens after genetic testing?/After

completing the Nest-CRC tool, would the patients have enough information for getting genetic testing?a

Cultural acceptability • What are your thoughts about Nest-CRC being appealing to people from different backgrounds?
• Were there any sections of the genetic education that made you feel uncomfortable?/Were there any sections of the ge-

netic education that made you feel uncomfortable, or do you think patients might feel uncomfortable?a

Usability • Overall, did you have any challenges using the tool?
• Would you recommend this tool to other patients with colorectal cancer?/Would you recommend this tool to patients

with early-onset colorectal cancer?a

• If your health care provider had referred you to this tool, would you have completed it?/Would you think your patients

will complete this tool?a

• What do you think is the best way to share this tool with other patients with colorectal cancer diagnosed before the age
of 50 years?

• How should this tool be used in the clinic?a

aProvider-specific questions.

Data Analysis
Descriptive statistics (mean, median, and proportions) were
calculated using IBM SPSS software (version 28). All qualitative
data were transcribed into English and reviewed by team
members. The research team met to develop the initial codebook,
using deductive codes derived from the key elements of the
interview guides. The themes and codebook, along with
operational definitions for each code, were subsequently refined
during the intercoder reliability process. Three research team
members (CG, MLM, and HF) coded the transcripts using a
direct content analysis approach. Intercoder reliability was
assessed until Cohen κ reached 0.80, indicating substantial
agreement [38]. Qualitative analysts performed line-by-line

coding of all interview data using NVivo 12 software
(Lumivero).

Results

Demographics and Clinical Characteristics

Phase 1
We contacted a total of 40 patients with early-onset CRC and
14 providers, of whom 19 patients and 6 providers completed
the survey and interview (Figure 3). The most common reasons
patients did not participate were a lack of interest or unsuitable
timing due to their recent diagnosis and treatment. Providers
generally declined participation passively.
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Figure 3. Recruitment study flow for phases 1 and 2.

The median age of patients was 43 (range 27-51) years (Tables
2 and 3), with 10 out of 19 (53%) being female, 2 (11%)
identifying as Black, 6 (32%) of Hispanic ethnicity, and 4 (21%)
preferring Spanish (Table 1). About half (n=10) had at least
some college education, and most were employed (n=11).
One-third of the patients had stage 4 cancer (n=7), and half were
undergoing active treatment (n=9). Most patients reported
adequate health literacy (median 4, range 1-4) and technology
literacy (median 4, range 1.6-4). Before completing Nest-CRC,
18 of the 19 (95%) patients indicated that GT was very important

for cancer prevention and early detection, though only 10 (53%)
and 15 (79%) reported awareness of GC and GT, respectively.

The median age of providers was 39 (range 31-46) years (Table
4). Half of the providers were female, all identified as White,
and 1 was Hispanic and preferred Spanish. Two-thirds were
medical or surgical oncologists, and 2 were genetic counselors.
All providers had at least 2 years of experience with patients
with CRC (median 11 years, range 2-13) and discussed genetic
risk with patients at least 50% of the time.
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Table 2. Patients’ demographic characteristics by phase.

Phase 2 (n=20)Phase 1 (n=19)Demographic

47 (36-59)43 (27-51)Age (years), median (range)

Gender, n (%)

11 (55)10 (53)Female

9 (45)9 (47)Male

Race, n (%)

12 (60)14 (74)White only

4 (20)2 (11)Black only

3 (15)2 (11)More than one race

1 (5)1 (5)Other

7 (35)6 (32)Hispanic ethnicity, n (%)

4 (20)4 (21)Spanish-preferring, n (%)

14 (70)15 (79)Born in the US mainland, n (%)

Marital status, n (%)

14 (70)13 (68)Married/partnered

2 (10)4 (21)Single

4 (20)2 (11)Divorced/separated

Education, n (%)

0 (0)2 (11)<High school diploma

1 (5)6 (32)High school diploma or General Educational Development

6 (30)4 (21)Some college/vocational school

13 (65)7 (37)≥College graduate

Employment status, n (%)

14 (70)12 (63)Employeda

2 (10)3 (16)Unemployed

1 (5)1 (5)Homemaker

3 (15)3 (16)Disable

Annual household income (US $), n (%)

3 (15)3 (16)<19,999

0 (0)5 (26)20,000-49,999

4 (20)2 (11)50,000-99,999

10 (50)8 (42)≥100,000

3 (15)1 (5)Do not know

Insurance, n (%)

2 (10)1 (5)No insurance

15 (75)15 (79)Private/commercial

2 (10)3 (16)Medicare/Medicaid

1 (5)0 (0)Other

aIncludes self-employed.
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Table 3. Patients’ clinical characteristics by phase.

Phase 2 (n=20)Phase 1 (n=19)Clinical characteristics

44.5 (35-49)41.5 (26-49)Age at diagnosis (years), median (range)

3.7 (1-4)4 (1-4)Health literacy, median (range)

3.7 (2-4)4 (1.6-4)Technology literacy, median (range)

Type of cancer, n (%)

11 (55)11 (58)Colon

9 (45)6 (32)Rectal

0 (0)2 (11)Do not know

Cancer stage, n (%)

1 (5)1 (5)Stage 0

1 (5)0 (0)Stage 1

2 (10)1 (5)Stage 2

7 (35)7 (37)Stage 3

9 (45)7 (37)Stage 4

0 (0)3 (16)Do not know

Treatment history, n (%)

0 (0)2 (11)No treatment

20 (100)17 (89)Received treatmenta

7 (35)9 (47)Active cancer treatment, n (%)

1 (5)3 (16)Ashkenazi Jewish ancestry, n (%)

0 (0)2 (11)Family history of early-onset colorectal cancer, n (%)

9 (45)10 (53)Awareness of genetic counseling, n (%)

17 (85)15 (79)Awareness of genetic testing, n (%)

13 (65)12 (63)Awareness of hereditary cancers, n (%)

7 (35)4 (21)Awareness of Lynch syndrome, n (%)

Importance of genetic information for prevention , n (%)

15 (75)18 (95)Very

4 (20)1 (5)Somewhat

1 (5)0 (0)A little

0 (0)0 (0)Not at all

Importance of genetics for early cancer detection , n (%)

18 (90)18 (95)Very

2 (10)1 (5)Somewhat

0 (0)0 (0)A little/not at all

7 (35)8 (42)History of genetic counseling, n (%)

16 (80)10 (53)History of genetic testing, n (%)

aTreatment included surgery, chemotherapy, radiation, and immunotherapy.
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Table 4. Providers’ demographic and clinical characteristics.

Phase 2 (n=7)Phase 1 (n=6)Providers

40 (31-51)39 (31-46)Age (years), median (range)

0 (0)1 (17)Spanish-preferring, n (%)

Gender, n (%)

7 (100)3 (50)Female

0 (0)3 (50)Male

Race, n (%)

3 (43)6 (100)White only

1 (14)0 (0)Black

2 (29)0 (0)Asian only

1 (14)0 (0)Other

0 (0)1 (17)Hispanic ethnicity, n (%)

Marital status, n (%)

7 (100)5 (83)Married/partnered

0 (0)1 (17)Single

Type of provider, n (%)

2 (29)4 (67)Physician (MD)

2 (29)2 (33)Board-certified genetic counselor

2 (29)0 (0)Physician assistant

1 (14)0 (0)Nurse practitioner

10 (4-17)11 (2-13)Years working with patients with colorectal cancer, median (range)

5 (71)6 (100)Proportion of time communicating about the genetic risk to patients, n (%)

1 (14)0 (0)<10%

1 (14)0 (0)10%-29%

0 (0)0 (0)30%-49%

0 (0)1 (17)50%-69%

5 (71)5 (83)≥70%

Proportion of time referring patients to genetic services, n (%)

2 (29)0 (0)<10%

1 (14)2 (33)10%-29%

0 (0)0 (0)30%-49%

1 (14)3 (50)50%-69%

3 (43)1 (17)≥70%

Proportion of time seeing patients with early-onset colorectal cancer , n (%)

1 (14)0 (0)<10%

4 (57)3 (50)10%-29%

1 (14)1 (17)30%-49%

1 (14)2 (33)50%-69%

0 (0)0 (0)≥70%

Proportion of time working with racially/ethnically minority patients, n (%)

0 (0)0 (0)<10%

2 (29)3 (50)10%-29%

3 (43)1 (17)30%-49%
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Phase 2 (n=7)Phase 1 (n=6)Providers

2 (29)2 (33)50%-69%

0 (0)0 (0)≥70%

Phase 2
We contacted a total of 51 patients with early-onset CRC and
15 providers, of whom 20 patients and 7 providers completed
the survey and interview (Figure 3). The most common reasons
for nonparticipation were the same as in phase 1. The median
age of phase 2 patients was 47 (range 36-59) years, with about
half being female, 4 out of 20 (20%) identifying as Black, 7
(35%) as Hispanic, and 4 (20%) as Spanish-preferring (Tables
2 and 3). Most patients had at least some college education
(n=18), were employed (n=13), and had health insurance (n=18).
Patients also reported adequate health literacy (median 3.7,
range 1-4) and technology literacy (median 3.7, range 2-4).
Similar to phase 1, before completing Nest-CRC, 15 (75%) and
18 (90%) patients indicated that GT was very important for
cancer prevention and early detection, respectively. However,

only 9 (45%) and 17 (85%) reported awareness of GC and GT,
respectively.

Nest-CRC Findings and Recommendations

Nest-CRC Quantitative Data
In phase 1, 9 patients reported no history of GT, and after
completing the education, 7 (78%) were interested in GT, while
2 (22%) were unsure; none of the participants reported having
no interest in GT. In phase 2, 4 patients reported no history of
GT, and all of them indicated interest in GT after completing
Nest-CRC. Across both phases, most participants reported that
each of the Nest-CRC modules was useful and easy to use (phase
1: 23/25, 92%, to 25/25, 100%; phase 2: 24/27, 89%, to 27/27,
100%; Table 5). The average completion time for patients in
phase 2 was 11 (range 5-26) minutes.

Table 5. Comprehension and usefulness of each Nest-CRC module.

Phase 2, n (%)Phase 1, n (%)Modules

Providers (n=7)Patients (n=20)Providers (n=6)Patients (n=19)

Hereditary colorectal cancer, n (%)

7 (100)18 (90)5 (83)19 (100)Easy to understand

7 (100)17 (85)4 (67)19 (100)Helpful

Genetic testing , n (%)

7 (100)18 (90)5 (83)19 (100)Easy to understand

7 (100)19 (95)6 (100)19 (100)Helpful

Benefits and risks, n (%)

7 (100)19 (95)6 (100)18 (95)Easy to understand

7 (100)19 (95)5 (83)19 (100)Helpful

Care recommendations, n (%)

7 (100)18 (90)5 (83)19 (100)Easy to understand

7 (100)18 (90)6 (100)18 (95)Helpful

Family members implications, n (%)

7 (100)19 (95)6 (100)19 (100)Easy to understand

7 (100)19 (95)6 (100)19 (100)Helpful

Qualitative Interviews

Attraction/Visual Appeal

Participants in both phases reported finding Nest-CRC visually
appealing and well-suited to its goals. The layout was described
by phase 1 participants as “straightforward,” “concise,” and
“clean” (Table 6). Phase 1 participants appreciated how each

slide presented information in “bite-sized” amounts, making it
“easy to digest and read” and helping to prevent feelings of
being overwhelmed, which echoed the quantitative findings.
Recommendations for improvement included enhancing the
“dark mode” to increase readability and incorporating more
visual elements (eg, photos, animations, and diagrams) to
maintain attention and simplify complex concepts.
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Table 6. Interview excerpts by study phase.

Phase 2Changes implemented for phase 2Phase 1Theme

Attraction/Visual
Appeal

• “Yes, I had an 8-year-old child at the
time I was making that decision and
wanted to know what would impact

• Included more images and graphics• “I really think it’s concise. I think
you’ll lose people if you make them
read through too much information

• Simplified complex concepts
• Used colors and font size to high-

light important information him the most [...] I thought it was
pretty comprehensive [...] I found

even when it’s important, so I
thought it was – it was a good capture • Improved readability for dark mode
of the important information.” [Par- that very useful, especially having a
ticipant #1219, patient] child that I feel like, anything I

needed – I wanted to know every-• “Maybe having something graphic
might make it a little bit better. Be- thing I could know.” [Participant

#2206, patient]cause it’s a lot of text. So, I don’t
know if maybe having either, like, a • “I thought the technology was good,

simple, you click, next, go to the nextlittle video or animation, at least just
for the introduction, that explains one, and when you finish number 1
what genes are – and mutations or it takes you to number 2. My ques-
variants – are. That might be help- tion is, is that going to be the format
ful.” [Participant #1301, provider] you are going to use? Is it going to

be that shape and color? It's a little
bit boring.” [Participant #2304,
Spanish-speaking patient]

Comprehension • “I thought that the explanations were
really easy to understand for people

• Included introduction with summa-
ry information about the importance

• “Yes, because I guess it said that you
could be discriminated against. Obvi-

like myself not in the medical fieldand benefits of GTa, what to expectously, that’s a huge red flag in my
opinion. So, that would be the only [...] So, it was really easy to under-from the education, and the next
thing. It didn’t really say much about stand. And I think kinda gave us a lotsteps for GT
it. So, that would be the only thing of information but not make it over-• Added more information about

sporadic, familial, and hereditaryto deter me from getting it because,
obviously, I’d have cancer. So, it’s

whelming.” [Participant #2203, pa-
tient]cancer, GT versus somatic/tumor

hard to get insurance period. So, if • “I wanna suggest if there's any data
about how minorities are hit pretty

testing, incidental findings from
GT, and insurance discriminationthat makes it even harder to get insur-

ance or my children hard to get insur- hard with colon cancer. If you could• Simplified information and provid-
ed examples about GT, patientsance, then I wouldn’t wanna get it.

Or I would need it explained to me a
possibly put something like that in
there because I know sometimeswho are at greater risk/in need of

little bit more so that I would know myself – I'm an African American –testing, and treatment recommenda-
it’s not really that big of a deal or it sometimes minorities feel a little bittions based on results
is a big deal.” [Participant #1202, afraid about doing the GT [...]” [Par-• Included additional optional infor-

mation about genes, most commonpatient] ticipant #2215, patient]

types of hereditary colorectal cancer

syndromes, GCb, and insurance
discrimination

• Added word definitions
• Explained that cancer-causing gene

variants are also known as gene
mutations and referred to them as
mutations throughout.

• Added at the end a summary of the
information covered

Cultural Accept-
ability

• “I think the language is quite basic,
and concise, but very appropriate. I
don't think some words are difficult

• Added voice-over feature• “We know that this population [can-
cer patients under 50], they have dif-
ferent needs about treatment and

to understand for a person from Peruother things and this is something
or Venezuelan or Argentinean. Thethat would be very helpful for this
vocabulary is easy to understand. Ipopulation.” [Participant #1106,
didn't see any questionable vocabu-provider]
lary.” [Participant #2304, Spanish-• “I think the text was short enough

that it was easy to read through, but Speaking patient]
I guess maybe having audio in case • “[A language option] would be easier

for [my mother and grandmother].people, I don't know, can't read well.”
[Participant #1102, provider] [...] Maybe having that little option

might be better for them and more
comfortable for them to participate.”
[Participant #2218, patient]
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Phase 2Changes implemented for phase 2Phase 1Theme

• “I mean, honestly overall it’s a thing
of – it’s a positive thing overall. It’s
just – it’s simple to be done and
there’s not – there won’t be repercus-
sions for finding out information [...]
‘Cause that’s what something that
people worry about is – so, if I find
out this is a hereditary thing are my
kids gonna be denied whatever, insur-
ance or whatever down the road be-
cause I did this now [...] So, you
know – I think between that and how
simple the test – knowing that there
won’t be those repercussions and
knowing how simple the testing is I
think that was a good message for
me.” [Participant #2208, patient]

• “And that’s the tricky part. If some-
body gets diagnosed with colon can-
cer, the first they are thinking is am
I going to live? Am I going to not
live? And what’s the treatment?
They’re not truly thinking about ge-
netics. So, maybe once they met with
the surgeon and oncologist and have
had a treatment plan. At that time
maybe a good way to bring in that.
We have universal protocol anyways
for colon cancer. Every colon cancer
should be tested. So, it has to be
brought up at some point. [...]” [Par-
ticipant #2101, provider]

• Added information about GT cost,
data security, GT/GC process and
wait time, and behavioral and envi-
ronmental cancer risk factors

• Added and simplified information
about genetic test results and care
implications

• Reordered the content so personal
and family benefits will be present-
ed before the risks

• Insurance discrimination informa-
tion was simplified

• “It is easy to use, easy to navigate,
bite-sized bits of information, which
is completely different from all the
other information you're getting in
this process, quick, structured well,
and it does take you towards the in-
formation you need to make a deci-
sion.” [Participant #1213, patient]

• “I think another reason I have felt
more comfortable about it is because
my provider had mentioned it to me
and kinda talked about it, so I kind
of understood it. So, it was just basi-
cally like an extra confirmation.”
[Participant #1215, patient]

• “Well, I guess that's one comment
then. That wasn't clear to me. [...] I
don't remember seeing like if you
don't have questions and want to
proceed with testing, we can do it
today versus seeing a counselor. And
like, and then you see a counselor if
you have any positives, or you could
just see a counselor before testing
because that wasn't clear to me. [...]”
[Participant #1102, provider]

Self-Efficacy

• “I did like that it allows for audio and
visual learning. That was kinda one
of my favorite parts because a lot of
times, essentially, some patients can
hear what you have to say, but the
ability to be able to kinda pause and
listen or go back and listen again, I
think that was a very smart use of the
learning modality. I thought that the
information was very clear and con-
cise, and it wasn't very cumbersome.
It wasn't just a lot of information on
each slide.” [Participant #2105,
provider]

• “A circle that came out there? I could
see it moving but I didn't know what
it was to read it for me. I thought they
were listening to me. I kept reading
and doing the up and down but I
didn't use it to listen.” [Participant
#2301, Spanish-speaking patient]

• “But I guess maybe what might be
helpful is – I don’t know how to say
this. Sorta like an outline or some-
thing. You know what I mean? So
that you can skip forward or skip
back [...].” [Participant #2203, pa-
tient]

• The education was sent via SMS
text message, and a direct link was
provided via email or SMS text
message

• An audio option was implemented
• Added an option to obtain addition-

al information

• “I think the app is pretty simple to
navigate... I think overall, this does
a pretty good job of making sure that
somebody at 50 that doesn’t have a
whole lot of experience with technol-
ogy and somebody at 20 who basical-
ly that’s all he does is technology are
able to use it. Again, I think it’s
pretty good across the board, but
you’re still gonna have some out-
liers.” [Participant #1210, patient]

• “Yes, because it was difficult for me
because I needed my daughter’s help
and when my daughter wasn’t there,
I couldn’t enter because I would copy
the information and I would go to a
link, and it wouldn’t let me enter.
Yes, it was difficult to me... Oh, that
[being sent a text with a direct link]
would be easier for those of us who
don’t know that much about technol-
ogy. It would be easier where there
is just a link, and you click on it and
it takes you to the information.”
[Participant #1306, Spanish-speaking
patient]

Usability/Utility

aGT: genetic testing.
bGC: genetic counseling.
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The main factors most patients and providers emphasized in
phase 2 were a desire to protect family members and trust in
science and medical providers. Patients stated that a
recommendation from a provider to review the education would
influence their interest in it. The information provided in the
education, along with its ease of use, was highlighted in phase
2 as the primary factor that attracted participants.

For the most part, participants did not have strong opinions
about the visuals of the tool. Most described it as “clean” and
“easy to navigate” and reported that the text was clear and easy
to read. One participant found the aesthetic dull and “boring”
and felt it needed more color. Another participant mentioned
that the lack of personal interaction decreased their interest,
preferring to speak with a person instead.

Comprehension

Participants in both phases found the information easy to
comprehend and described the intervention as “straightforward,”
“simple,” “succinct,” “understandable for a layperson,” and
“super easy to understand.”

Nearly all phase 1 patients stated that they understood GT could
be used to determine genetic predisposition for their CRC and
that learning whether they carry a particular gene could be
helpful for family members. The most commonly cited point
of confusion in phase 1 was the possibility of discrimination
based on their GT results. This was surprising to many
participants, with some requesting links or resources for further
information. Other recommendations from phase 1 participants
included adding information on the most common types of
hereditary CRC syndromes (eg, Lynch syndrome, familial
adenomatous polyposis), clarifying which patients are most at
risk or in need of testing, distinguishing between GT and
somatic/tumor testing, addressing incidental findings from GT
(eg, beyond CRC, such as BRCA1), defining specific gene
associations, discussing treatment options based on variants,
reducing redundancies in “informed consent,” and
communicating clearly to lay audiences (eg, clarifying language
and providing examples). When suggested by the interviewer,
patients agreed that a dictionary tool to define unfamiliar terms
would be useful.

Phase 2 participants felt the intervention provided just the right
amount of information: educational, yet not overwhelming for
a new patient. Most phase 2 providers found the intervention
easy to understand, free of jargon, and containing an appropriate
level of detail.

Although participants were overall very satisfied, they suggested
some additional educational topics. One of the most commonly
requested topics by both patients and providers was information
on what other cancer and health condition risks can be detected
via GT. The general consensus was that most patients would
want GT to detect different cancers if it were covered by
insurance or affordable. Some participants raised privacy
concerns regarding who can access their results and what can
be done with their DNA and results in the future. Many
providers suggested that it could be beneficial to outline privacy
policies within the intervention. Participants were also interested
in the impact and next steps for family members based on their

GT results. One participant requested more data on cancer
prevalence by race/ethnicity.

Some participants wanted more information (eg, the likelihood
of having Lynch syndrome, more details about specific genes,
and variants of uncertain significance), while others felt the
level of information provided was sufficient and that additional
details should be discussed with a genetic counselor. In both
phases 1 and 2, there was disagreement regarding the preferred
term “variant” versus “mutation” and when to use each.

Cultural Acceptability

All participants in phase 1 and phase 2 indicated that they felt
the information was acceptable to a wide audience of varied
backgrounds. None reported concerns that the content of
Nest-CRC was offensive or inappropriate for any groups.
Instead, participants described the material as “neutral,” “broad,”
and believed “it can help anyone.”

Most of the concerns regarding the acceptability of Nest-CRC
in phase 1 were related to accessibility. English-preferring
participants inquired whether the education was available in
Spanish and emphasized the need for patient-friendly language.
Participants found the online delivery to be appropriate, given
that the target audience is under 50 years of age, but
recommended reevaluation if Nest-CRC is expanded to older
patients. Participants also suggested adding an audio voice-over
option or videos within Nest-CRC to improve accessibility for
blind people/those with visual impairment, those not fully
literate in English, or those who prefer listening over reading.

One phase 2 participant appreciated that the materials were
inclusive of adopted patients who may be unaware of their
family history. Phase 2 participants were also appreciative of
the audio voice-over option.

Self-Efficacy

Both phase 1 and phase 2 participants described Nest-CRC as
“very informative” and “comprehensive,” and most felt that the
intervention provided enough information to help them decide
if they wanted GT without being overwhelming. Most patients
had already undergone GT or were interested in it, evaluating
Nest-CRC as a helpful way to be “proactive,” with some wishing
it had been available when they were first diagnosed.

Trust in their care team’s recommendations was a major
facilitator for using Nest-CRC. Participants responded positively
when asked if they would complete the intervention if their
provider recommended it, including patients who were
undecided about GT. A few participants did not fully understand
the benefits of GT (eg, therapeutic decision-making, risk
management recommendations, and cascade testing), given that
they already had cancer, with one commenting that it would be
“pointless” now. Other potential barriers to GT included cost,
information sharing/data security, and fear and anxiety around
test results. Some participants also described fear of insurance
discrimination as a potential barrier and felt this risk should be
better clarified.

Self-efficacy for phase 2 participants was bolstered by their
greater satisfaction with the information provided about
insurance, costs, and the risks of discrimination, as well as the
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available legal protections. Participants identified information
on screenings and sample collection modalities (saliva vs blood)
as important topics to support GT decision-making. Many
providers and patients noted an assumption that GT was more
invasive or complicated than it is and felt that providing
information about the minimally invasive process could increase
interest. The option for saliva testing was highlighted as
important to make GT more appealing to patients afraid of blood
and needles and more manageable for those undergoing multiple
treatments or procedures for cancer care.

For phase 2, the remaining barriers to GT decision-making
included unresolved concerns about discrimination and the
ability to afford GT. Despite being informed that most insurance
plans cover GT, participants remained concerned that their
results could be positive and that cascade testing could be
recommended for uninsured family members. One patient, who
had previously experienced mishandling and misuse of medical
results, expressed distrust in the efficacy of policies and
institutions despite education about protections. Some newly
diagnosed younger patients stated that being diagnosed with
cancer was overwhelming and found it difficult to process
information and make decisions, even with the necessary
resources. With this in mind, some participants recommended
that providers bring up or offer Nest-CRC again during the
second or third visit to allow patients time to check insurance
coverage for GC and GT.

Usability/Utility

Participants in both phase 1 and phase 2 described using the
Nest-CRC tool as “user-friendly,” “very easy to use,” and
“seamless.” They found the tool logically structured and easy
to navigate, and appreciated that it is accessible on both desktop
and mobile devices.

Phase 1 participants encountered minor technical issues, such
as difficulty getting the link to work and not being able to return
to where they left off. Participants felt usability could be
improved by providing a direct link (rather than requiring
copying and pasting into a browser), adding an audio option,
allowing easier navigation of content out of sequence, and
offering access to Nest-CRC via tablet in the clinic waiting
room.

Phase 2 participants who noticed the audio option rated it
positively, even if they preferred to read. However, this feature
was not apparent to all users. For users with their phone set to
“silent,” the audio option was also silenced, even if the phone
volume was turned up. This led to confusion among many
participants who were unable to hear the audio. One patient
even thought the tool was recording audio because they could
not hear it and noticed the sound wave animation within the
audio button.

Summary and Next Steps
Most participants found each of the modules easy to understand
and helpful. In general, patients described the content as
straightforward, easy to comprehend, beneficial to anyone,
informative, and useful for making decisions about GT.
Following phase 1, usability was improved by providing
participants with a direct link to Nest-CRC, sending links via

SMS text message, and adding an audio option. The educational
modules were also reordered to highlight the benefits first and
end with the risks. Several additions were made to the
educational content, including optional pathways and links for
more detail on specific topics (eg, Lynch syndrome), definitions
of key terms (eg, genes), graphs, images, and clarifying
information about GT cost, insurance discrimination, and the
GT process.

For the next phase, the audio voice-over will be improved, and
additional optional pathways (eg, genes commonly tested in
MGPT) will be incorporated. The revision will include more
information about variants of uncertain significance, as well as
content explaining the difference between GT and somatic
testing, and addressing GT privacy concerns. Patients will also
have the option to select their preferred language. Navigation
within Nest-CRC will be simplified to allow easier return to
core educational content from optional paths and modules.

Discussion

Principal Findings
Nest-CRC was developed as a user-friendly, scalable digital
health tool designed to improve access to GT by facilitating
pretest education at a lower cost. Findings indicated strong
attraction, comprehension, cultural acceptability, self-efficacy,
and usability of Nest-CRC in both phases. Endorsement of
Nest-CRC was high, with participants recommending it be
offered routinely and repeatedly to patients at different stages
of the cancer journey, as some patients may prioritize GT
immediately, while others may postpone it until survivorship
care. Nest-CRC was also described as an acceptable alternative
for empowering patients with information about GT and
supporting their decision-making. Therefore, it was identified
as a viable strategy for streamlining patients with early-onset
CRC toward GT.

Comparison With Prior Work
NCCN guidelines recommend MGPT for all patients with
early-onset CRC [10], but referrals to genetic services for these
patients are inconsistent [11,12]. A prior study from 2 Texas
health systems, evaluating data from 2009 to 2017, revealed
that 58% of patients with early-onset CRC were referred for
GC, and only 37% completed GT [11]. A more recent study,
examining retrospective data from 2010 to 2019 at Cleveland
Clinic, found that 62% of patients with early-onset CRC were
referred to GC, 49% completed GC, and 48% completed GT
[12]. In our study, less than half of the patients reported a history
of GC, while two-thirds reported a history of GT. The proportion
of patients reporting GT in our study was higher than previously
reported rates for patients with early-onset CRC. However,
interviews revealed that some patients were confusing their
experiences with somatic testing and germline testing, which
may have contributed to the elevated reporting of GT. Among
those patients with early-onset CRC who denied GT at baseline,
most expressed interest in GT after completing Nest-CRC.
Additionally, the few patients who were unsure about GT
showed interest in GC. This suggests that Nest-CRC can be
used to streamline the triage of patients with early-onset CRC
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for GT, while complex patients needing more support can be
prioritized to maximize the efficiency of limited GC resources.

Prior studies examining barriers to genetic services among
patients with early-onset CRC have identified cost, a shortage
of qualified genetic professionals, and racial/ethnic referral
disparities [11,19]. In our study, patients expressed concerns
about the cost of GT, insurance coverage and discrimination,
and the potential misuse of their DNA. While the cost of GT
remains a concern, it has decreased substantially, making it
more affordable for many individuals without health insurance.
In the United States, patients who meet insurance criteria for
GT typically pay between US $0 and US $100 out of pocket,
while those without insurance may pay around US $300.
Additionally, some laboratories offer financial assistance.
Furthermore, the United States has federal and state laws that
protect patients from insurance discrimination. For example,
the Genetic Information Nondiscrimination Act (GINA) prevents
nonmilitary employers and health insurance companies from
using GT results against patients [39]. However, GINA does
not apply to life, disability, or long-term insurance companies.
Some states, like Florida, have enacted laws that protect patients
from life, disability, or long-term insurance companies using
GT results against individuals residing in the state [40,41].
Therefore, patients’ commonly reported concerns about GT
could be alleviated through education about existing resources
and federal and state protections.

To address barriers to accessing GT information and services,
the Clinical Genome Resource’s Consent and Disclosure
Recommendations working group recommended a brief pretest
genetic education approach for more straightforward cases,
reserving traditional GC for patients with greater clinical and
genetic complexities or those without well-established testing
recommendations [20]. Automated educational tools, such as
videos and written materials, have proven effective in delivering
genetic education, particularly for patients with high-risk cancer
[21,22,25,42]. For example, a study involving patients with
pancreatic cancer found that when oncology providers used an
educational video to obtain GT informed consent, the rate of
GT increased 6.5 times compared with previous years, when
traditional GC referrals were used [21]. However, these
advances still rely on clinic staff and providers to obtain
informed consent and order GT.

Nest-CRC provides an alternative for GT education that can
further alleviate the burden on patients, clinic staff, and
institutions. Like other patient-driven digital tools [42,43],
Nest-CRC can be completed conveniently from home, enhancing
accessibility without incurring out-of-pocket costs for the
patient. For institutions, the annual cost of using Nest-CRC can
be tailored to the specific functionalities required, averaging a
few thousand dollars per month—less than the cost of an
entry-level GC assistant. Unlike a single assistant, Nest-CRC
can scale the volume and capabilities of genetic services without
being impacted by patient load, staff turnover, or the need for
ongoing training. By automating workflows for education,
consent, test ordering, and results return, tools such as Nest-CRC

can significantly enhance clinic efficiency. While this study
focuses on the perceived benefits of pretest genetic education,
implementing a platform such as Nest has the potential to
generate substantial cost savings and operational efficiencies
across other routine tasks, such as family history collection,
patient tracking, risk model calculations, and care plan
management. As the demand for genetic services continues to
grow, digital health tools such as Nest-CRC could be leveraged
to identify high-risk patients and promote GT across various
health care settings, such as primary care, oncology clinics, and
even the general public. In this way, Nest-CRC offers an
acceptable alternative strategy to expand equitable access to
GT among high-risk patients.

Strengths and Limitations
The primary goal of this study was to evaluate the reactions and
recommendations of English- and Spanish-speaking patients
and providers to Nest-CRC, with preliminary data on patients’
interest in GT as a secondary aim. This study is innovative in
providing valuable insights from a diverse group of patients
and providers, highlighting key considerations for developing
pretest genetic education for patients with early-onset CRC.
However, due to the small sample size, quantitative data were
limited to descriptive purposes and were used primarily to
describe the study sample and support the qualitative findings
by incorporating patients’ immediate feedback on the
educational content. While we intentionally recruited Black and
Spanish-speaking patients to ensure diverse representation, the
findings should not be generalized to all patients with early-onset
CRC. It is also important to note that during interviews, some
participants expressed uncertainty about their GT history;
therefore, the self-reported GT data should be interpreted with
caution. This uncertainty underscores the potential benefit of a
comprehensive digital health platform where GT history and
related lifelong care recommendations can be easily accessed
and shared with patients’ clinicians and family members as
needed.

Conclusions and Future Directions
Adults with early-onset CRC are at higher risk for having a
hereditary cancer syndrome. GT to identify the causative variant
can facilitate screening and risk reduction measures for both
patients and their relatives. Despite GT being recommended for
all patients with early-onset CRC, racial disparities persist in
referrals for GT, access to GC, and uptake of both GC and GT.
These issues are further compounded by a shortage of qualified
genetic professionals and patients’ concerns about the cost of
genetic services. Our findings suggest that Nest-CRC is a
promising strategy to scale genetic services by augmenting
pretest genetic education and promoting GT uptake among
patients with early-onset CRC from diverse racial and ethnic
backgrounds. Future studies should implement digital GT
platforms in clinical settings to evaluate their feasibility and
acceptability among high-risk patients and their relatives from
diverse racial and ethnic backgrounds, as well as assess their
impact on lifelong care recommendations and survival outcomes.
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Abstract

Background: Breast cancer survivors have increased cardiovascular risk compared to those without cancer history. Cardiovascular
disease is the most common cause of death in breast cancer survivors. Cardiovascular risk in breast cancer survivors is impacted
by both cancer treatment–associated effects and in risk factors for breast cancer and cardiovascular disease overlap. Strategies
to improve screening for and management of cardiovascular disease in breast cancer survivors are needed to improve the delivery
of survivorship care.

Objective: This study aims to assess current cardiovascular risk counseling practices and perceived cardiovascular risk in breast
cancer survivors.

Methods: Semistructured interviews were conducted from May to December 2021 with breast cancer survivors identified as
having a primary care clinician within an academic family medicine center in Charleston, South Carolina. The interview guide
and content were developed using the Health Belief Model with a focus on cardiovascular risk behaviors, risk perception, and
barriers to risk reduction. Analysis of categorical data was conducted by frequency and quantitative variables by mean and SD.
Template analysis was performed for qualitative analysis. Outcome measures included self-reported history of cardiovascular
disease, risk perception, and risk behaviors.

Results: The average age of participants (n=19) was 54 (SD 7) years; 68% (13/19) were White and 32% (6/19) were Black or
African American. Of the interviewed women, 90% (17/19) reported a personal history and 90% (17/19) reported a family history
of cardiovascular disease. Only 53% (10/19) had previously reported receipt of cardiovascular counseling. Primary care most
commonly provided counseling, followed by oncology. Among breast cancer survivors, 32% (6/19) reported being at increased
cardiovascular risk, and 47% (9/19) were unsure of their relative cardiovascular risk. Factors affecting perceived cardiovascular
risk included family history, cancer treatments, cardiovascular diagnoses, and lifestyle factors. Video (15/19, 79%) and SMS text
messaging (13/19, 68%) were the most highly reported mechanisms through which breast cancer survivors requested to receive
additional information and counseling on cardiovascular risk and risk reduction. Commonly reported barriers to risk reduction
such as physical activity included time for meal planning and exercise, resources to support dietary and exercise changes, physical
limitations, and competing responsibilities. Barriers specific to survivorship status included concerns for immune status during
the COVID-19 pandemic, physical limitations associated with cancer treatment, and psychosocial aspects of cancer survivorship.

Conclusions: Breast cancer survivors identified that factors associated with their cancer diagnosis and treatment both impacted
their cardiovascular risk and introduced additional barriers to risk reduction. Potential strategies to improve counseling and
awareness around cardiovascular risk include video and messaging platforms. Further risk reduction strategies should consider
the unique challenges of cancer survivorship in delivery and implementation.

(JMIR Cancer 2025;11:e71062)   doi:10.2196/71062
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cardiovascular health; cancer survivorship; lifestyle counseling; breast cancer; cancer survivors

Introduction

Breast cancer survivors are at increased risk of cardiovascular
disease in part due to pre-existing comorbidities and
cardiotoxicity associated with treatment [1]. Breast cancer
survivorship has increased significantly, with over 3 million
current breast cancer survivors. Breast cancer survivors are at
increased risk of cardiovascular disease including heart failure,

myocardial infarction, coronary artery disease, and vascular
disease compared to those without a history of malignancy [2].
The etiology of the increased risk includes common risk factors,
pre-existing comorbidities, and cardiotoxicity associated with
breast cancer treatment. The likelihood of morbidity and
mortality from cardiovascular disease exceeds that of breast
cancer for many older women and those who have a personal
history of cardiovascular disease [3-5]. In breast cancer survivors
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older than 50 years of age, 35% of nonbreast cancer–associated
mortality was attributed to cardiovascular disease [6]. In one
cross-sectional study, over 60% of breast cancer survivors were
diagnosed with hypertension, over 50% with hyperlipidemia,
and 5%‐6% had a reported history of heart failure or stroke
[7]. Cardiovascular comorbidity is common in breast cancer
with significant implications for morbidity and mortality
requiring screening, counseling, and management with a
multidisciplinary health care team including primary care.

Comorbid risk factors for breast cancer include increasing age,
alcohol consumption, dietary patterns, family history of
cardiovascular disease, elevated BMI, and physical inactivity
[2]. Breast cancer treatments can increase the risk of
cardiovascular disease, including chemotherapy, endocrine
therapy, and radiation therapy, although the specific
cardiovascular risk profiles vary based on treatment history
[2,8]. Management of comorbid medical conditions has also
been shown to be suboptimal during active cancer treatment.
Cancer disease processes themselves may cause subclinical
myocardial damage [9]. Current strategies for risk factor
reduction in breast cancer survivors include aggressive
management of comorbid conditions, including hypertension,
diabetes, and hyperlipidemia, and promotion of lifestyle factors
such as smoking cessation, maintaining an appropriate body
weight, and increased physical activity [1,10-12]. Survivorship
guidelines for breast cancer recommend screening and
management of cardiovascular risk among patients with breast
cancer; however, current screening practices and management
are inadequate [3,13]. Lifestyle interventions including nutrition,
physical activity, and weight management are essential
components to integrate into survivorship care to reduce
cardiovascular risk [14].

When considering cardiovascular disease and breast cancer risk,
it is advised to weigh factors both of breast cancer reoccurrence
and cardiovascular disease risk [15]. However, previous studies
have identified that women at increased risk of cardiovascular
disease also have an increased risk of cancer reoccurrence [16].
Interventions targeting cardiovascular risk reduction also have
the potential to impact breast cancer outcomes. Despite this,
limited qualitative and interventional studies have evaluated
strategies and interventions for cardiovascular risk reduction in
breast cancer survivors. Observational studies have demonstrated
that increasing physical activity and dietary changes improve
all-cause survival and improve cardiovascular risk in breast
cancer survivors [17,18]. Pilot studies using exercise-based
interventions have been demonstrated to improve cardiovascular
fitness in breast cancer survivors. A randomized trial by Lee et
al [19] demonstrated an improved cardiovascular risk profile
following participation in a 16-week exercise program [20].
Cardiovascular risk reduction consistent with guidelines and
evidence-based interventions focuses on smoking cessation,
increased physical activity, and dietary changes, although the
specific dietary recommendations vary based on guidelines and
interventions studied [21]. The purpose of this project is to
identify multilevel barriers and facilitators to cardiovascular
risk reduction among breast cancer survivors to best advise
breast cancer survivors and to support the development of

interventions focused on the unique demands of breast cancer
survivors following treatment.

Methods

Qualitative analysis using semistructured interviews informed
by the Health Belief Model was conducted to evaluate
cardiovascular counseling and perceived risk in breast cancer
survivors.

Inclusion Criteria
Inclusion criteria included female breast cancer survivors aged
40‐65 years without metastatic disease seen by primary care
at the Medical University of South Carolina in Charleston. The
clinic population at the time of study initiation was
predominately White and approximately 30% Black or African
American. A majority of clinic patients were insured with either
public or commercial insurance. For the purposes of this study,
survivorship was defined as women who had completed their
primary treatment for breast cancer. However, ongoing
maintenance therapy, including endocrine therapy, was not
considered an exclusion criterion.

Interviews
Participants were contacted using MyChart messaging within
the electronic health record. Potentially eligible participants
were identified through an electronic health record data inquiry
based on the history of breast cancer and primary care
appointments at the academic medical center within the last 3
years. Only individuals who had opted into a system-wide query
about research contact were included in outreach. Of the
individuals contacted, 11% (19/170) participated in the study.
Outreach was stratified by age (<50 years old and >50 years
old) and race (White, Black, or African American) with outreach
equally to these groups to promote representation consistent
with clinic demographics. A total of 19 semistructured
interviews were conducted on Teams (Microsoft Corp) using
audio recording only by a trained female, master-level study
coordinator. The interview duration ranged from 11 to 17
minutes. Interviews were conducted until saturation of depth
and diversity of themes occurred. Neither the interviewer nor
the study team had previous interactions with the participants.
Study objectives were provided to interview participants prior
to informed consent. Interviews were transcribed and reviewed
for accuracy. Participants were not contacted following the
initial interview. Participants were provided with contact
information for the study team with an opportunity to reach out
about any additional questions or study results. Our research
team is composed of primary care clinicians and public health
researchers involved in primary care research, including
researchers with expertise in onco-primary care. Our team values
patient self-efficacy and the importance of interdisciplinary
coordination of care guided by a patient-centered approach to
care. To reduce potential bias, the study team member
completing the interviews was not involved in data coding.
Coding was completed independently and reviewed by
consensus.
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Conceptual Framework
The study was grounded in the Health Belief Model as a
conceptual framework [22]. The Health Belief Model was
selected based on its capacity to understand how individuals
respond to communication of health-related information and
their subsequent engagement in health-related behaviors. The
Health Belief Model has been extensively used to assess
cardiovascular risk perception, barriers to behavior change, and
the development of interventions to address these [23-27]. More
specifically, in this study, the focus on communication of
information about cardiovascular risk in breast cancer survivors
was predicted to inform and desire to and engagement in health
behaviors to reduce cardiovascular risk. The interview guide
was developed by the primary author after a review of previous
literature, with revision following feedback from the research
study team. Training was provided in the interview guide. Key
constructs evaluated included perceived susceptibility to
cardiovascular disease, perceived severity, self-efficacy,
perceived barriers, and cues to action for engaging in
cardiovascular risk reduction behaviors. Perceived susceptibility
provides essential information on the participant’s assessment
of the probability of cardiovascular disease. Perceived severity
focused on the understanding of the potential severity of health
impacts of cardiovascular disease and its relation to breast cancer
survivorship status. Participants identified their perceived
barriers to engaging in health behaviors to promote improved
cardiovascular health. Self-efficacy was assessed based on the
patient’s reported belief in their capacity to engage in health
behaviors to reduce cardiovascular risk. Cues to action included
experiences or actions within the participant’s environment that
prompted the decision to engage in cardiovascular risk reduction
behaviors. Interview questions also included questions about
adherence to cancer survivorship guidelines.

Template Analysis
Template analysis was conducted using an interview guide and
codebook developed using the Health Belief Model [22,28-31].
Template analysis uses a structured template while still
permitting a flexible coding process for the analysis of
qualitative data. Since the interview guides in this study were

based on the Health Belief Model framework, template analysis
allowed researchers to use an initial template developed based
on the constructs of the Health Belief Model framework, while
also allowing codes to be updated in the coding process [30].
Coding was conducted by 3 independent coders with previous
experience with qualitative analysis who each independently
coded all transcripts. Following initial limited interview coding,
further coding continued by consensus of themes which
remained consistent across all coders. Nvivo (Lumivero) was
used to assist in coding. Saturation of themes was reached after
19 interviews.

Ethical Considerations
The study was deemed by the Medical University of South
Carolina institutional review board as exempt (Pro00073820)
with a waiver for written informed consent. All participants
provided verbal consent for participation. Participants
self-reported current exercise participation, consumption of
fruits and vegetables, and current cardiovascular health
conditions. Interview transcripts were deidentified prior to
coding and analysis. Interview participants received a US $35
gift card as compensation for their time for participation.

Statistical Analysis
Descriptive statistics including mean and SD were calculated
for continuous variables and frequency data for qualitative
variables.

Results

Participants
A total of 19 participants were enrolled in and completed
interviews. The average participant age was 54 (SD 7; range
43‐66) years. Participants averaged 3 primary care and 3
oncology visits annually. Over half (10/19, 52%) of participants
reported receiving counseling on cardiovascular risk. Counseling
was provided by primary care (8/10, 80%) and oncology (3/10,
30%). Demographic information is provided in Table 1. Themes
and illustrative quotes identified are displayed in Table 2.
Themes were consistent across participants based on age and
race.
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Table . Demographic information of participants (n=19).

Participants, n (%)Characteristics

Race

6 (31)Black

13 (68)White

Education

2 (10)High school or less

5 (26)Some college

7 (37)Bachelor’s program

5 (26)Master’s program or graduate school

Employment

13 (68)Full time

2 (11)Part time

4 (21)No current employment

Marital status

11 (58)Married

8 (42)Not currently married

Treatment history

19 (100)Surgery

12 (63)Chemotherapy

14 (74)Radiation

14 (74)Endocrine therapy

General health (participant report)

2 (11)Poor

12 (63)Fair or good

5 (26)Very good or excellent

Adherence to survivorship guidelines

6 (32)>150 minutes exercise weekly

3 (16)>5 servings fruits or vegetables daily

17 (90)History of personal cardiovascular disease

10 (50)Current cardiac medications

17 (90)Family history of cardiovascular disease
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Table . Health Belief Model themes.

ThemeQuotation example

Perceived barriers • General barriers identified included fatigue,
limited time, and medications

• “I’m almost 100 percent sure [my exercise
limitations are] due to breast cancer treat-
ment because I have some lung involve- • Treatment-associated barriers included

physical limitations and associated anxietyment. And so, you know, I’ve had issues
with having a pleural effusion where it and stress
builds up the liquid in your lung.” [INT7]

Overcoming barriers • Discussions with clinicians identified as
factors promoting change

• “But when I’m on the road, it’s hard to find
foods that fall in those categories ... When
I know ahead of time that I’m going to have • Scheduling considerations impact exercise

and nutrition and mechanisms to prioritizea pick up at a certain time. I’ll make sure I
either eat before I leave or I pack a lunch. change
But lots of times ... I only got like a 30 • Individual motivation important determinant

for cardiovascular risk reductionminute window to get them to pick it up.”
[INT17]

• “So I think making the time about prioritiz-
ing ... prioritizing the time to exercise, and
to shop appropriately, to eat healthy, so
making the right decisions.” [INT2]

• “I think the main thing affecting me was I
was kind of feeling because of what I went
through, I was suffering a lot with PTSD
and anxiety and all that. And I think because
of that, I wasn’t focusing too much on my
health. I was stress eating and gained 20
pounds because I was like so stressed out
from what happened and being on the hor-
monal meds and shot every month, it just
really messed with my I guess, my whole,
like, energy level and motivation.” [INT4]

Perceived susceptibility • Individual factors impacting perceived risk
include current personal cardiovascular

• “Genetics. On my father’s side, everyone
has died of heart disease, and I apparently

disease, family history of cardiovasculargot his genes.” [INT3]
disease, and lifestyle factors• “I would say it’s pretty high and I say that

basically because when I had my radiation, • Cancer and treatment-associated factors
impact perceived risk of breast cancer inthey told me my tumor happened to be on

my left side, so my radiation happened to some individuals although there was uncer-
be my heart. And so they told me that I was tainty in others
a high risk for congestive heart failure in
the future.” [INT12]

• “I’ve never correlated the breast cancer to
heart disease. I’m gonna need to think a lit-
tle bit more about that. But I’ve never done
that. So I would say no, because I just never
thought about it in that way.” [INT2]

Communication regarding cardiovascular risk
and cancer

• Timing important factor in communication
between health care team and patients about
cardiovascular risk

• “Possibly in the beginning ... My oncologist
may have [discussed cardiovascular risk],
but at that point, I think I was so over-
whelmed with everything else that I proba- • Communication limited about cardiovascu-

lar risk and breast cancer.bly didn’t listen that well.” [INT6]
• “So, like, if I am at risk as being a breast

cancer patient for heart issues, then that’s
something that I would want to stay on top
of and have more information and have my
primary care doctor or my oncologist talk
to me about in ways that I could get on top
of that before anything crazy happens.”
[INT7]
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ThemeQuotation example

• Motivation to change and resources to sup-
port effective behavior change both reported
as necessary by participants

• “I stopped smoking was one [way I took
control of my health]. Because the reality
of possibly having cancer in another loca-
tion or not healing from the procedure. I
never realized that they actually kept you
from healing. And diet improved. Every-
thing had to improve.” [INT5]

• “I’m a survivor, thank God. And I think it
has a lot to do with my healthy choices. But
if you don’t, if you’re not educated on that
stuff, most people don’t know, you know.
So it’s important to talk to professionals and
see what’s the best thing for you to do.”
[INT8]

Self-efficacy

• Weight change and perception of body im-
age motivation for lifestyle change

• New diagnoses of cardiovascular disease in
an individual or relative impacted motiva-
tion to seek care

• Health promotion materials influence moti-
vation for cardiovascular risk reduction

• “You know, there’s a publication that the
[health system] puts out. I want to say four
times a year ... There’s a lot of just good
little health tips, reminders that just kind of
keep things at the forefront when you’re
starting to get busy.” [INT1]

Cues to action

Perceived Barriers
Perceived barriers included both factors unrelated to cancer, as
well as those associated with the late and long-term effects of
breast cancer and treatment. Commonly reported barriers
included fatigue, time limitations to participation in exercise or
meal planning, motivation to change, and available resources
to support behavioral changes to support cardiovascular risk
reduction. Cancer-specific barriers included physical limitations,
including those from previous cancer treatments that impacted
the capacity for exercise. Anxiety and stress, especially
associated with changes in health status associated secondary
to cancer and cancer treatment, were reported and identified as
a barrier to behavior changes in exercise and nutrition.
Medication side effects following treatment were cited by one
participant as a limitation to participation in exercise.

Overcoming Barriers
Engagement of the health care team and individual motivation
for change were identified as factors promoting cardiovascular
risk reduction behaviors. Participants reported that treatment
of mental health conditions improved their capacity for behavior
change. Participants highlighted the need for time management
for meal preparation and exercise. The availability of group
classes and discussions with clinicians in the health care team
increased motivation for behavioral change.

Perceived Susceptibility
Participants identified breast cancer treatment–associated factors
including radiation and chemotherapy as contributing to
cardiovascular risk. Others expressed uncertainty about the
potential impact of cancer treatment on their cardiovascular risk
but desired more information on this from their health care team.
Individual factors associated with risk perception included
current diagnosis of cardiovascular disease or history of a
cardiovascular event. A family history of cardiovascular disease
was reported as increasing an individual’s perceived personal

risk of cardiovascular disease. Perceived protective factors
included participant engagement in diet modification, regular
exercise, and medication management of cardiovascular
conditions.

Communication Regarding Cardiovascular Risk and
Cancer
Participants reported limited communication regarding
cardiovascular risk specifically related to their cancer history.
However, they desired to receive information on cardiovascular
risk. Timing of communication about cardiovascular risk further
removed from the time of initial diagnosis and treatment was
preferred.

Self-Efficacy
Participants identified self-efficacy as important in facilitating
care and risk reduction. The ability to cook and resources for
healthy food were identified as factors to support cardiovascular
health. Motivation for change was identified as a necessary
prerequisite for change.

Cues to Action
Participants reported inciting stimuli to engage in risk reduction
behaviors as a new diagnosis of cardiovascular health conditions
either in themselves or in family members or friends. Individuals
who were experiencing symptoms reported a stronger motivation
to seek medical care and engage in risk-reduction behaviors.
Participants valued outreach from trusted organizations,
including health care organizations, about behaviors to improve
health and reduce cardiovascular risk as important in keeping
their desire for change at the forefront of their priorities.

Sources of Information
The majority of individuals valued information from their health
care team or other medical resources designed for patients.
Specific sources of information on cardiovascular risk included
clinicians, medical publications, and both medical and
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nonmedical internet sites. The timing of communication
impacted the reception of the discussion regarding risk. Some
participants reported the initial stages of treatment as
overwhelming in the amount of information delivered and
reported being more treatment-focused at that time. Participants
did desire to receive information about their cardiovascular risk
both from their oncologists, as well as their primary care
clinician. Desired mechanisms of delivery of information on
cardiovascular risk in survivors of breast cancer included video
(n=15, 79%), SMS text messaging (n=13, 68%), telephone
(n=11, 58%), and mobile apps (n=10, 53%).

Summary
Based on the use of the Health Behavior Model, themes that
promoted engagement in cardiovascular risk reduction were
identified in each of the constructs assessed. Perceived barriers
included both traditional barriers to cardiovascular risk
reduction, as well as treatment-associated barriers derived from
both mental and physical health. Factors promoting overcoming
these barriers included clinician engagement with patients about
cardiovascular risk reduction and the need for individual
motivation for change to accomplish this. Although clinician
communication was essential in promoting change, the timing
of communication was identified as important. Immediately
after diagnosis, breast cancer survivors preferred to focus
discussion on treatment options. The availability of both
financial resources and accessible resources supported the
self-efficacy of participants with video and SMS text messaging
as the preferred mediums for health information. Cues to action
included changes in family and individual health. These
interviews and themes have the capacity to inform further
counseling and the development of interventions to support
cardiovascular risk reduction both in breast cancer survivors
and other cancer survivor populations.

Discussion

Principal Findings
Breast cancer survivors face additional cardiovascular risk
following treatment, which impacts both overall and breast
cancer–specific survival. Survivorship guidelines recommend
screening and management strategies to reduce cardiovascular
risk. Limited information is available on the barriers and
facilitators of engaging breast cancer survivors in cardiovascular
risk reduction behaviors. This qualitative study using
semistructured interviews sought to evaluate facilitators and
barriers to cardiovascular risk reduction in breast cancer
survivors. Consistent with previous literature, uptake of
survivorship guidelines including participating in physical
activity and regular consumption of fruits and vegetables was
limited [4]. The participants in the study overall received
multiple treatment modalities that had the potential to increase
individual cardiovascular risk.

The primary findings of the study included that there were
opportunities to improve communication about cardiovascular
risk in breast cancer survivors both within primary care and
oncology. Breast cancer survivors valued communication about
cardiovascular risk reduction, while also identifying the timing
of delivering this information as important in engagement with

subsequent risk reduction behaviors. Specifically, participants
noted the importance of cardiovascular risk counseling as they
progressed through treatment and into survivorship, rather than
just at diagnosis. Many participants reported that they did not
receive information on cardiovascular risk and were interested
in learning more about their individual risks and the impact of
their treatment on cardiovascular risk. These findings are in
alignment with previous studies on both cancer survivors and
health care professionals who identified that there was a
knowledge gap among breast cancer survivors about
cardiovascular risk. Cancer survivors consistently identified
interest in discussions about heart disease and risk factors
[32-34]. Although health care providers are generally aware of
the increased cardiovascular risk in cancer survivors,
system-based barriers include a lack of training, competing
demands, and time limitations that limit the capacity for
counseling and screening [34]. Furthermore, patient-level factors
including socioeconomic factors and having a fatalistic outlook
have been reported by health care clinicians as barriers to
adopting risk reduction strategies [32,33]. In this study, the need
for resources to promote self-efficacy was similarly identified
by multiple participants even in a population with access to
primary care [35].

Participants identified previously known barriers and facilitators
to cardiovascular risk reduction, including motivation, time
limitations, and resources to support efforts for change.
Participants simultaneously identified breast cancer–specific
factors as both significant components of their risk perception
and as limitations to participation in risk-reducing behaviors.
These same barriers were identified in previous formative
research for intervention development, with the identification
of cancer and other health conditions limiting the ability to
increase physical activity. These studies simultaneously
identified the need for individual motivation to facilitate change
[34]. Participants in this study identified the need for multimodal
changes, which aligns with previous literature supporting the
greater efficacy of interventions that address factors beyond
physical activity alone [30,31,34].

Breast cancer survivors desired additional communication about
cancer-specific cardiovascular risk factors, preferably delivered
after initial diagnosis and treatment have been established.
Cardiovascular risk reduction strategies, including physical
activity, have been demonstrated to reduce cardiovascular risk
and improve quality of life, and therefore increased attention
to cardiovascular risk reduction is essential to promoting
improved survivorship care of breast cancer survivors [36,37].
Therefore, additional interventions that promote cardiovascular
risk reduction and consider the elevated risks and unique barriers
faced by breast cancer survivors are essential.

This study supports and aligns with existing literature regarding
the need to support self-efficacy and consider the physical
limitations of breast cancer survivors following treatment.
Previous research identifies the critical role of clinicians in
identifying and communicating the cumulative role of risk
factors in cancer survivorship on cardiovascular risk and the
importance of patient-clinician communication [38].
Engagement in communication about cardiovascular risk is
limited and especially important in cancer survivors at increased
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risk, including those with existing cardiovascular disease and
obesity. Primary care clinicians can serve an important role in
screening for cardiovascular risk, promoting risk reduction, and
pharmacologic management when indicated [39]. Based on this
study, primary care clinicians often initiate this discussion and
have an opportunity to improve communication about risk and
promotion of health behaviors. When primary care clinicians
were surveyed about barriers and enablers of care, system-level
barriers including lack of time and training were critical to
address to promote improved cardiovascular survivorship care
[32]. Clinical risk assessment and management tools have been
identified as strategies to improve the delivery of cardiovascular
disease care to reduce morbidity and mortality. This study
identifies the need to consider mental health support and
treatment in facilitating cardiovascular risk reduction. In
addition, it identifies the importance of timing in the delivery
of cardiovascular risk-reducing education during the breast
cancer treatment-survivorship continuum in order to optimize
the uptake of risk-reducing measures.

Strengths and Limitations
The proposed study is novel in its evaluation of breast cancer
survivors–specific perceived risks and susceptibility to breast
cancer, as well as potential survivorship-associated barriers to
engagement in risk reduction. However, the study has a number
of limitations. First, the study focuses on participants from a
single academic medical center, which may limit its
transferability. Further studies should include participants from
a diversity of geographical locations and practice settings. A
stratified recruitment approach was used to broaden the
perspectives obtained as part of the interview process. Second,
participants were selected based on having an existing primary
care clinician, as the study included the role of primary care
clinicians in survivorship. Future work would benefit from the
inclusion of individuals with reduced access to care. Third,
study findings may have been impacted by participation bias,
where either the desire to engage in cardiovascular risk reduction
behaviors or existing cardiovascular disease may have impacted
the decision to participate. There are elevated rates of
cardiovascular disease in breast cancer survivors, and this

perspective is proportionally represented in this study. Another
limitation is that the interview guide was not pretested before
implementation. The interview guide was based strongly on the
constructs of the Health Belief Model, which have been
extensively studied. Future investigations could ensure the
validity of the interview guide as related to capturing Health
Belief Model constructs as related to cardiovascular risk in
breast cancer survivors. Finally, the study is limited by the small
sample size. This study focused on a limited number of
individuals in order to obtain more breadth of information.
While the achievement of theme saturation strengthens the study
findings, future quantitative studies are needed to further
evaluate the identified themes using a larger sample size to
promote the development of interventions that improve
communication between health care team members and breast
cancer survivors about cardiovascular risk and engagement with
risk reduction behaviors.

Conclusions
Breast cancer survivors face unique cardiovascular risks
influenced by their diagnosis and treatment, which introduce
barriers to effective risk reduction. Participants in this study
expressed a desire for enhanced counseling on cardiovascular
health, highlighting a significant knowledge gap regarding their
risks and the impact of cancer treatments. Many reported
insufficient communication from health care providers about
cardiovascular risks, particularly after the initial treatment
phases. To address these issues, health care systems should
leverage electronic communication methods, such as video and
SMS text messaging, to deliver tailored cardiovascular risk
information. Interventions must consider the specific challenges
of survivorship, including physical limitations and mental health
concerns, to effectively engage survivors in risk-reducing
behaviors. This study highlights the importance of improving
adherence to guideline-based care for breast cancer survivors
and emphasizes the need for further research to develop
comprehensive strategies that facilitate cardiovascular health
in this population. By prioritizing timely and accessible
information, we can enhance self-efficacy and support better
health outcomes for breast cancer survivors.
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Abstract

Background: Despite the known benefits of physical activity, cancer survivors remain insufficiently active. Prior trials have
adopted digital health methods, although several have been pedometer-based and enrolled mainly female, non-Hispanic White,
and more highly educated survivors of breast cancer.

Objective: The objective of this study was to test a previously developed mobile health system consisting of a Fitbit activity
tracker and the MyDataHelps smartphone app for feasibility in a diverse group of cancer survivors, with the goal of refining the
program and setting the stage for a larger future trial.

Methods: Participants were identified from one academic medical center’s electronic health records, referred by a clinician, or
self-referred to participate in the study. Participants were screened for eligibility, enrolled, provided a Fitbit activity tracker, and
instructed to download the Fitbit: Health & Wellness and MyDataHelps apps. They completed usability surveys at 1 and 3 months.
Interviews were conducted at the end of the 3-month intervention with participants and cancer care clinicians to assess the
acceptability of the intervention and the implementation of the intervention into clinical practice, respectively. Descriptive statistics
were calculated for demographics, usability surveys, and Fitbit adherence and step counts. Rapid qualitative analysis was used
to identify key findings from interview transcriptions.

Results: Of the 100 patients screened for eligibility, 31 were enrolled in the trial (mean age 64.8, SD 11.1 years; female
patients=17/31, 55%; Hispanic or Latino=7/31, 23%; non-White=11/31, 35%; less than a bachelor’s degree=14/31, 45%; and
household income <US $75,000=11/31, 35%). The mean (SD) years since diagnosis was 7.1 (8.2), and the two most frequent
cancer diagnoses were prostate (9/31, 29%) and breast (4/31, 13%) cancer. Participants provided positive feedback on the
MyDataHelps app usability; the overall app quality received a mean score of 3.79 (SD 0.82) on a 5-point Likert scale (1=worst,
5=best). Interviews with 10 patients yielded four themes: (1) Fitbit and app setup was easy but the research team provided
assistance, when needed, which was helpful, (2) motivational messages within the app were not memorable, (3) step counts and
Fitbit notifications were motivating, and (4) medical professionals viewing their data were acceptable. Interviews with 5 cancer
care clinicians yielded four themes: (1) some patients used wearables but rarely discussed data with clinicians; (2) activity trackers
can be helpful to motivate patients and keep them accountable; (3) objective activity measures—similar to BMI, weight, and
blood pressure— that they can track over time and refer to afterward were preferred; and (4) training and systematic processes
to view these data as part of active workflow were desired.

Conclusions: Implementing a remotely delivered, light-intensity physical activity program was feasible and acceptable in a
sample of diverse cancer survivors. Future studies should consider registry-based methods and work with clinicians to engage
hard-to-reach survivor populations who have low physical activity levels and disproportionately high adverse health outcomes.

Trial Registration: ClinicalTrials.gov NCT05417438; https://clinicaltrials.gov/study/NCT05417438

(JMIR Cancer 2025;11:e60034)   doi:10.2196/60034

KEYWORDS

physical activity; cancer survivor; wearable device; smartphone app; diverse; Fitbit; wearable; feasibility; usability; digital health;
digital health method; breast cancer; Hispanic; women; mobile health; activity tracker; mHealth
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Introduction

The health benefits of physical activity for cancer survivors are
widely known. Yet, few survivors are active during (<10%) and
after cancer treatment (20%‐30%) [1,2]. Per the American
Heart Association recommendation, cancer care clinicians
should provide phsyical activity referrals to prevent
cardiovascular disease in survivors [3]; however, clinicians do
not always suggest these referrals [4]. Notably, acknowledging
an individual’s unique perspective and offering choices rather
than referrals to one singular program have been shown to
increase effectiveness [5,6].

There has been a recent increase in the number of physical
activity programs that exist for survivors. Virtual group
programs have appeared as an option that is preferred by some
survivors, allowing them the social support they seek in a group
format with the convenience of participating in a program from
one’s own home [7,8]. In a previous study, clinic-based referrals
to group in-person and group virtual programs were acceptable
to cancer survivors, but some also expressed a desire for a
nongroup digital program option [8]. In cancer survivors, digital
health programs can be effective in promoting physical activity
and reducing participation barriers [9]. However, engaging
diverse groups of survivors in digital programs continues to be
a challenge [10], along with sustainably integrating digital
programs into clinical survivorship care [11]. Ninety percent
of US adults own a smartphone and 40%‐60% a wearable
device [12,13]. As digital health programs are becoming
increasingly more accessible, more strategies are needed to
increase the reach of these programs, particularly as the number
of cancer survivors grows annually [14].

This pilot study differs from past research in several ways. First,
most prior digital health trials used pedometer-based
interventions as opposed to Fitbit-based interventions [15], and
many of these studies incorporated counseling and other forms
of support in their interventions [15]. Additionally, the majority
of trials using wearable physical activity trackers with cancer
survivors have been done in homogenous populations, such as
White, college-educated [10], and survivors of breast cancer
[10,15]. Past evidence on the optimal frequency and timing of
SMS text messages in this context is lacking and what evidence
there is has been inconclusive [10]. Finally, very few studies
have focused on older adults, who comprise the majority of
cancer survivors in the United States [10].

Thus, the purpose of this study was to test a previously
developed mobile health system in a diverse group of cancer
survivors with the goal of refining the program and setting the
stage for a larger future trial [16,17]. We tested the feasibility
of using a wrist-based wearable activity tracker (Fitbit) and
smartphone app dyad with survivors, including seeking feedback
on survey data collection and message prompts within the app.
We also sought feedback from our clinical partners to better
understand the implementation of referrals to a digital health
program and perspectives on accessing patient-generated health
data from these programs.

Methods

Ethical Considerations
This study took place at the University of Massachusetts Chan
Medical School with remote recruitment, allowing participants
to partake in study activities outside of the institution.
Procedures were approved by the University of Massachusetts
Chan Medical School Institutional Review Board (#H00023545)
and informed consent was obtained from each participant. All
participant data were deidentified and study data were kept
anonymous. Participants received US $25 compensation for
participation in the pilot and US $25 for participation in a
follow-up interview. The study was registered at
ClinicalTrials.gov (NCT05417438).

Study Design
This study used a longitudinal, nonrandomized, multilevel mixed
methods approach, involving both quantitative and qualitative
data collection (explanatory sequential design) from enrolled
patients and cancer care clinicians between January 2023 and
July 2023. Cancer survivors were enrolled in a 3-month Fitbit
or smartphone app intervention. The convenience sample size
was not calculated, as this was a feasibility pilot study. Outcome
data for the intervention included Fitbit adherence and step
counts over 3 months, usability ratings of the MyDataHelps app
at 1 month, and follow-up interviews. No data were collected
regarding the usability of the Fitbit: Health & Wellness app, as
the app was primarily used to continuously synchronize Fitbit
data with the MyDataHelps app. Clinician semistructured
interviews were conducted following the data collection period
for the intervention (June-July 2023).

Recruitment
Eligibility criteria for the pilot study included having a past
cancer diagnosis, owning a smartphone with internet access,
and being deemed appropriate to participate by a medical
professional as necessary. Recruitment was first conducted using
paper flyers posted throughout clinics in the UMass Memorial
Health network. The flyer provided interested participants with
the study team’s email address and telephone number to call
and SMS text message to discuss the study further. Potential
participants were additionally identified by extracting data
directly from the electronic health record (EHR) data hosted in
the UMass Chan Data Lake. Next, potential participants were
sent a letter containing information about the study and
instructions to call to opt out of further contact. Two weeks
after being mailed, potential participants who did not opt out
were called and asked if they were interested in joining the
study. Potential participants who expressed interest were
screened over the phone. Approval to participate in the study
was sought from clinicians for potential participants based on
responses in the Physical Activity Readiness Questionnaire
(PAR-Q), a 7-step questionnaire screening for evidence of risk
factors during moderate physical activity and reviewing for
family history and disease severity [18]. Potential participants
were then sent a secure email through REDCap containing a
link directing them to an electronic consent form. After going
through the electronic consent form with the study team over
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the phone, eligible potential participants who were interested
consented using their electronic signature.

Statistical Analysis

Healthy History, Demographics, and Physical Activity
Readiness
Participants self-reported their age, sex, education level, race,
ethnicity, date of last cancer diagnosis, and type of cancer via
a telephone screening process with the study team. Physical
activity readiness was assessed using the PAR-Q. Any “yes”
response prompted approval to be sought from the participant’s
primary care provider or cancer care clinician. Once enrolled,
patients completed additional health history baseline
questionnaires through surveys delivered in the MyDataHelps
app.

Fitbit Adherence and Step Count
Physical activity data were adjusted for a number of valid wear
days. Consistent with prior studies [19-21], valid wear days
were defined as those with a daily step count of 1500 or greater
as measured by the Fitbit activity tracker.

App Usability
The Mobile App Rating Scale (MARS) was used to assess the
acceptability of the MyDataHelps smartphone app at 1 month
through a survey delivered in the MyDataHelps app. Specific
assessments of app functionality and aesthetics included ease
of use, navigation, visual appeal, performance, graphics, and
layout, as well as overall app quality [22]. Items were rated by
participants using a 5-point Likert scale from 1=inadequate to
5=excellent. Sample questions included “how easy is it to learn
how to use the app?” and “how clear are the menu labels or
icons and instructions?” The MARS was scored using a mean
for each category. The MARS has demonstrated internal
consistency (α=.9) and interrater reliability (intraclass
coefficient=0.79) [22,23].

Participant and Clinician Acceptability
Enrolled participants completed semistructured interviews
(Multimedia Appendix 1) after the 12-week intervention to
assess their experiences during the study, including areas of

improvement. Health care clinicians’perceptions on integrating
this program into clinical practice were also assessed through
semistructured interviews.

Protocol for Intervention
The intervention protocol, including the MyDataHelps app, was
previously user-tested in a healthy cohort [24]. All participants
received a Fitbit Charge device (versions 2 and 5) to keep as
part of their compensation for participating. Following consent,
participants were mailed their Fitbit along with paper
instructions for device and app setup (including a unique study
identifier) and were provided technical support over the phone
by the study team. Study participants downloaded 2 apps onto
their phones: Fitbit: Health & Fitness and MyDataHelps. Upon
enrollment, participants were instructed that the standard goal
steps/day set by Fitbit is 10,000 steps. They were told they could
modify their step-count goal based on what their current activity
level was and what they felt was achievable. Participants were
instructed to wear their Fitbit for a total of 3 months, during
which time they received standard Fitbit: Health & Fitness push
notifications to their Fitbit devices, such as alerting them of
achievement of goal steps per day, time spent in active heart
rate zone minutes (if participants enter a high-intensity workout
zone), and movement reminders (to get up and move if inactive
for a period). These messages are preset by Fitbit to be delivered
to participants based on their individual data.

Participants’ smartphones also received push notifications from
MyDataHelps to promote adherence to the study surveys, along
with weekly push notifications of motivational messages (Figure
1). These messages were templated messages to inform
participants about the benefits of exercise and strategies to
incorporate exercise into their day, derived from the American
Cancer Society (eg, “Research has shown that exercise is not
only safe and possible during cancer treatment, but it can
improve how well you function physically and your quality of
life” and “End your exercise session with stretching or flexibility
exercises. Hold a stretch for about 15 to 30 seconds and relax.
Examples of stretching are reaching overhead, deep breathing,
and bending over to touch your toes so that you relax all the
muscle groups”) [25].
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Figure 1. MyDataHelps app displaying Fitbit data (A) and message notifications and survey tasks (B).

Participants who experienced technical challenges or difficulties
adhering to study protocols (eg, syncing Fitbit, completing
surveys) were contacted by phone to troubleshoot issues.
Through the MyDataHelps app, participants completed surveys
24 hours, 1 month, and 3 months after enrollment. Participants
also received push notifications alerting them that the surveys
were available within the app (Figure 1). Participants’ Fitbit
devices were synced to the MyDataHelps app. Once participants
registered for MyDataHelps and synced their Fitbit: Health &
Wellness account, data collection from the Fitbit activity tracker
began. The study team viewed activity and survey completion
data weekly and conducted outreach to participants with missing
data. We continued to reach out to participants, including giving
them an opportunity to complete their 3-month survey. Those
who did not complete their 3-month survey were considered
lost to follow-up. After participants completed all the tasks
required for the study, they were allowed to keep their Fitbit
and were provided a US $25 Amazon gift card.

Protocol for Qualitative Feedback From Participants
and Cancer Care Clinicians
Upon completion of the study tasks, participants were offered
the option to take part in a 30-minute semistructured Zoom
interview. Participants who took part were compensated with
a US $25 Amazon gift card (in addition to the gift card provided

for the completion of study tasks). Interview guides were
developed by the study team using an iterative process of
pretesting. The interview guide consisted of questions asking
their perceptions of the program overall, as well as asking them
ways to improve the current list of messages they received
within the app (Multimedia Appendix 2). These guides were
revisited after interviews to determine if any additional questions
needed to be added, removed, or probed further. Cancer care
clinicians, specifically advanced practice providers, were
recruited via pre-existing relationships with the study team and
through the survivorship coordinator. The survivorship
coordinator emailed cancer care clinicians involved in
survivorship care information about the study and about
participating in interviews. Participating clinicians were asked
to complete a 30-minute Zoom interview using a structured
interview guide. The guide was designed to discuss
implementing physical activity referrals to digital health
programs into clinical workflow, along with preferences for
reviewing those data. Again, the interview guide was revisited
after each interview for revisions. The survivorship coordinator
also provided feedback on the interview guides throughout the
process. Zoom interviews were conducted by a trained member
of the research team in conjunction with the study principal
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investigator and recorded and transcribed electronically using
an institutional review board–approved software.

Data Analysis
Quantitative analyses for demographics, usability surveys, and
Fitbit data were completed using R 4.3.2 (The R Foundation)
and Microsoft Excel. Analysis of Fitbit step count data (mean
and SD of steps per day each week) was done on valid days, in
which valid days were defined as those with a step count of
1500 or greater [20-22]. As such, the first valid day of Fitbit
use was the first day the participant walked 1500 or more steps
while wearing Fitbit, and data collection from Fitbit concluded
90 days following the first valid day. Any days with fewer than
1500 steps within the 90-day time frame of study participation
were considered missing. Qualitative data were analyzed using
rapid qualitative analysis [26]. This was done by first creating
a matrix in Excel after the participants’ interviews were
completed. The matrix had a row for each participant and
columns for each domain that corresponded with the interview
guide. Domains included “experiences with patients and
wearables devices,” “when to integrate program into clinical
practice,” “preferences to clinical team viewing data,” and

“support needed for clinicians (eg, EHR staff) or patients.” The
study team (JMF, RN, AK, and ZD) then met to code the
interview transcripts for 2 participants in each group, and then
individually coded the remainder on their own. The study team
met regularly to conduct data and coding checks and resolve
any discrepancies in coding or domain assignment. The team
noted the common themes between the participants’ responses
to each domain and identified key findings of the qualitative
interviews. Each key finding discusses the main common themes
within the qualitative interviews that align with the domains.

Results

Overall Results
Figure 2 presents the flow of participants from contact to the
conclusion of the 12-week intervention. The study team mailed
letters to 130 potential participants and had 10 potential
participants either self-refer or were referred by their clinician.
Of the 100 potential participants who were screened, 31
participants enrolled in the trial, achieving a response rate of
31%.

Figure 2. CONSORT (Consolidated Standards of Reporting Trials) flow diagram.

Among the 31 participants enrolled in the intervention, the mean
age was 64.8 (SD 11.1) years, 17 (55%) identified as female,
14 (45%) had less than a bachelor’s degree level of education,
7 (23%) identified as Hispanic or Latino, and 11 (35%)

identified as non-White (Table 1). The top two cancer diagnoses
were prostate (9/31, 29%) and breast (4/31, 13%), and the mean
years since diagnosis was 7.1 (SD 8.2).
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Table . Enrolled patient baseline demographics (N=31).

ValuesVariables

64.7 (11.1)Age (years), mean (SD)

Sex, n (%)

14 (45)Male

17 (55)Female

Education level, n (%)

7 (23)High school or less

7 (23)Some college

6 (19)Bachelor’s degree

11(35)Advanced college degree

Race, n (%)

20 (65)White

10 (32)Black or African American

1 (3)Other

Ethnicity, n (%)

7 (23)Hispanic or Latino

24 (77)Not Hispanic or Latino

Household income in US$, n (%) a

18 (62)>75,000

4 (14)50,001-75,000

5 (17)25,000-50,000

2 (7)<25,000

Cancer type, n (%)b

2 (6)Gynecologic

2 (6)Thyroid

2 (6)Skin

1 (3)Colon

9 (29)Prostate

4 (13)Breast

2 (6)Throat

1 (3)Kidney

2 (6)Blood

2 (6)Don’t know

7.1 (8.2)Years since diagnosis, mean (SD)

aDue to missing responses, n=29.
bDue to missing responses, n=27.

Fitbit Adherence and Activity
Physical activity adherence during the 12-week intervention
was assessed using Fitbit data (Table 2). Based on this measure,

the mean daily step count was 7219 (SD 4418) at baseline and
6687 (SD 3183) at 12 weeks.
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Table . Mean (SD) number of valid days of adherence to wearing the Fitbit activity tracker and mean (SD) steps/day during the 12-week intervention
period among cancer survivors (n=28).

Steps/day, mean (SD)Number of valid days/week, mean (SD)Intervention week

7218.61 (4417.71)1.93 (2.61)1

6447.97 (3405.71)4.78 (2.83)2

6200.9 (3382.68)5.30 (2.52)3

6645.24 (3607.05)5.22 (2.61)4

6782.65 (3901.27)5.04 (2.89)5

6639.79 (4072.6)4.85 (2.74)6

6570.96 (3950.37)5.11 (2.53)7

6628.75 (3745.22)5.07 (2.89)8

6871.6 (4134.65)4.70 (3.01)9

6598.36 (3481.8)4.69 (3.17)10

7384.56 (4157.78)4.77 (2.96)11

6686.95 (3183.27)4.08 (2.62)12

Mobile App Rating Scale
At 1 month, 25 participants completed the MARS usability scale
responding to questions about the MyDataHelps app
functionality, appearance, and overall rating on a scale of 1 to

5 (1=worst and 5=best; Table 3). The highest-rated category
was “performance” with a mean score of 4.36 (SD 1.02), and
the lowest-rated category was “ease of use” with a mean score
of 3.79 (SD 1.22). The overall app quality received a mean score
of 3.79 (SD 0.82).

Table . MARS (Mobile App Rating Scale) usability scores of the MyDataHelps smartphone app; ratings range from 1=worst to 5=best.

Values, mean (SD)Variable and question

4.36 (1.02)Performance: How accurately/fast do the app features (functions) and
components (buttons/menus) work?

3.79 (1.22)Ease of use: How easy is it to learn how to use the app? How clear are the
menu labels/icons and instructions?

4.21 (1.22)Navigation: Is moving between screens logical/accurate/appropriate/unin-
terrupted? Are all necessary screen links present?

4.13 (1.05)Interactions: Are interactions (taps/swipes/pinches/scrolls) consistent and
intuitive across all components/screens?

4.04 (1.02)Layout: Is the arrangement and size of buttons/icons/menus/content on
the screen appropriate or zoomable if needed?

3.80 (0.85)Graphics: How high is the quality/resolution of graphics used for but-
tons/icons/menus/content?

3.84 (0.78)Visual appeal: How good does the app look?

3.79 (0.82)Overall rating: What is your overall star rating of the app?

Qualitative Feedback
Ten participants completed 3-month follow-up interviews
assessing their overall experiences in the program. Four themes
were identified from our analyses, and illustrative quotes can
be seen in Table 4. Overall, participants felt the Fitbit activity
tracker and the MyDataHelps app were easy to use but also
benefited from the assistance of the research team. The weekly
motivational messages within MyDataHelps were not very
memorable and were often confused with the daily push

notifications sent directly to the Fitbit activity tracker. For
example, when asked about the content of the MyDataHelps
weekly messages, a participant responded, “I didn’t pay a whole
lot of attention to them. I know I got ‘em maybe daily or every
other day.” However, participants noted overall that the
messages and notifications motivated them to be more active
and accrue additional steps. Lastly, most participants were
comfortable with and liked the idea of sharing their physical
activity data with their clinicians.
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Table . Enrolled patient feedback from qualitative interviews.

Illustrative quotesTheme

Fitbit and app setup were easy and assistance from the research team was
helpful.

• “I didn’t find it [Fitbit and MyDataHelps setup and navigation] to be
a problem at all once you walked me through it.” “The information
provided was pretty self-explanatory, even though I’m not very
computer-savvy and never had a Fitbit.”

Motivational messages within the app were not memorable. • “They weren’t sent often. Not, not particularly unless I set it up wrong.
I think if I had gotten something on a weekly or even a daily [basis],
it would motivate me.” “Well, the messages, if any, were, I believe...I
forget how I was able to access them...I’m trying to think of a specific
message.”

The step counts and Fitbit notifications to be active were motivating. • “Tracking my steps was helpful, especially given how I’ve changed
my lifestyle from working full-time to finally being home most of
the time. And I had to make sure I put some time into taking steps
or helping my health progress.”

• “Before, I never actually paid attention to like, ‘Okay, I’m gonna do
this many steps today, or I’m gonna do this.’ And that was pretty
cool that it gave that option to keep track of all that. And if I beat my
goal from the day before, it would let me know. It would tell me,
‘Congratulations!’ which was kind of cool.”

Patients were comfortable with and liked the idea of medical professionals
seeing their data.

• “I did tell my oncologist that I was doing this study and I also spoke
with my pulmonologist...And I told my primary care, and she said,
“Well, that’s interesting.” I said, “You know the thing is, you never
know what [information] is going to come along that might be helpful
to you in the long run.”

• “I would like that because it’s able to connect some of the dots, right?
They’re only seeing, you know, the medical side of it, but they can’t
see your everyday activity.”

Five advanced practice providers specializing in oncology
completed interviews to assess their perceptions of the digital
health program and workflow integration. All 5 clinicians were
female, had been practicing in their clinic for >1 year, and
treated either disease-specific patients (breast, gastrointestinal,
or genitourinary) or patients of all diagnoses. Clinicians were
from one academic hospital (n=4) and one community hospital
(n=1). Four themes were identified with illustrative quotes
represented in Table 5. Clinicians noted some patients use

wearables but rarely bring them up during their clinic visits.
They also expressed that goal setting may be helpful for their
patients and thought it may be helpful to have objective metrics
of physical activity to track over time in lieu of standard weight
and BMI clinical measures. Most clinicians wanted more
education and training on physical activity and wearable device
programs and better standard operating procedures integrated
into their workflows.

Table . Clinician feedback from qualitative interviews.

Illustrative quotesTheme

“I don’t know that it comes up all that often. Things have changed since
Covid. I used to have tons of patients who would do this kind of thing like
the Silver Sneakers-type program...Not too much beyond the generic, like,
‘I shoot for X number of steps a day and I usually [get] X.’”

Some patients use wearables but rarely discuss data with clinicians.

“Some people are motivated by their internal motivations. And I think
Fitbit still gives you that accountability and that trackability. I’ve had pa-
tients that have used pedometer-esque, Fitbit-like, applications, whether
it’s their iPhone or something like that, and they’ll say, ‘Okay, I got this
many steps.’ And I think that it does motivate them to be more active.”

Activity trackers can be helpful to motivate patients and keep them ac-
countable.

“Typically, what I use is their BMI...to say, ‘Oh, congratulations! Your
BMI last visit was this and look what it is now. I can see that you have
better energy, and your wellbeing seems to be improved as well.’ It could
be helpful for that sort of reinforcing and motivating and monitoring por-
tion.”

Clinicians prefer objective measures similar to BMI, weight, and blood
pressure that they can track over time and refer to afterward (eg, vital
signs).

“With training and guidance, if that was considered part of our scope, if
we felt like patients were benefiting...yeah, absolutely...if it’s something
that would help patients and is clinically appropriate depending on what-
ever training we got.”

Clinicians want more training and systematic processes to view these data
as part of active workflow.
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Discussion

Principal Results
Our study found that deploying a Fitbit or app dyad remotely
was feasible and acceptable in this convenience sample of
diverse participants with histories of several types of cancers.
Participant engagement, as indicated by mean valid wear days
and mean daily steps each week, was highly consistent over the
course of the 12-week intervention. This finding was similar to
those of past trials in cancer survivors [27-29]. The main
exception to this was that on average, participants had fewer
valid wear days in the first week of the intervention, which,
similar to other trials, can be attributed to an initial adjustment
period to wearing a Fitbit daily [30]. Though engagement was
high, step counts remained relatively unchanged from baseline
to 12 weeks. Lastly, several cancer care clinicians were
interested in the ability to deploy such an intervention into their
clinical practice for physical activity surveillance and
interventions for their patients with cancer histories.

The MARS app ratings were similar to other physical activity
monitoring app studies in that functionality components were
rated higher than aesthetic components [24,31]. The high
functionality ratings were supported in our qualitative feedback,
with participants specifically noting the app being easy to use
even if they themselves were not very tech-savvy. This is critical
in the cancer survivor population, as 67% of US cancer survivors
are over the age of 65, and this proportion is expected to grow
to 74% by 2040. There are noted disparities in the use of digital
health tools in advanced age [32]. However, participant
qualitative feedback revealed the messages sent within the app
were not very memorable. This may have been due to the
message content, or possibly that they did not know where to
view the messages on the MyDataHelps app dashboard. Several
participants made more mention of the daily Fitbit device
notifications being helpful. As motivational messaging has been
shown to be effective in promoting physical activity [33,34]
and was memorable to our participants on the Fitbit device, it
is possible the notifications, along with vibrations, going directly
to a patient’s device on their wrist are more noticeable than
having to open an app to see the message. Despite notifications
being reported as helpful, changes in step count over time were
minimal. Though consistent with prior feasibility studies in this
population [27,35], it will be critical to explore the effect of
intervention components on step count over time in a large
randomized trial. This includes exploring the addition of social
support, a feature in Fitbit, and a feasible and acceptable
intervention method for cancer survivors [35].

Qualitative feedback from participants yielded several important
implications of recruiting, enrolling, and retaining patients
throughout the study. The first important implication was that
the MyDataHelps and Fitbit: Health and Wellness apps setup
was straightforward and easy to follow. Some participants noted
they were not tech-savvy, but they did not find it to be an issue.
Participants also appreciated the help from the study team during
the initial setup and to troubleshoot any issues that arose. To
provide technical support, our study team used multiple methods
to meet the needs of the participants. For most, this only entailed

troubleshooting issues over the phone or SMS text message.
Six participants additionally required videoconferencing and
screen sharing to troubleshoot technical difficulties with a visual
aid. Of the 6 participants, 4 chose to come in person for the
study team to troubleshoot their issues. With additional
assistance by video call or in person, these participants were
also able to complete the study tasks quickly. Overall, the team
found that participants greatly appreciated having options to
connect and talk with them. The final theme from participants
indicated they were comfortable sharing data with health care
clinicians. Health care professionals can be critical in helping
survivors engage in physical activity. Survivors reported a lack
of physical activity guidance, prescriptions, and referrals from
their care team as barriers to activity [36].

Clinicians revealed that patients rarely discuss wearable devices
or data with them during their clinic visits. Oncology nurses
have reported that patients lack interest in discussing physical
activity with them. However, clinicians liked the notion of
having long-term activity monitoring as a topic to discuss with
patients in lieu of discussing weight or BMI. Physical activity
independent of weight loss can improve health outcomes in
individuals with obesity [37], and sedentary time, which is
inversely correlated with physical activity levels, is an
independent risk factor of cancer incidence [38]. Using a more
neutral objective measure of physical activity rather than a more
sensitive metric like weight or BMI may be more acceptable to
discuss with patients who have weight concerns. To do this,
clinicians expressed wanting more education and training on
integrating physical activity digital health tools into their
workflow as options for their patients. Lack of provider
knowledge has been one of the most commonly reported barriers
to the provision of physical activity promotion by cancer care
clinicians to survivors [39]. Additionally, integrating wearable
devices and subsequent data directly into clinicians’ workflow
poses challenges. Prior studies have identified barriers to
integrating devices into the EHR, maintaining privacy and
confidentiality of patient data, lack of system interoperability
and connectivity of wearable devices and health systems, and
patient information or data overload [40].

Limitations
This study has limitations to note. The small sample size is a
statistical limitation. Similar to most studies done in the past,
this study was limited to 3 months in duration; thus, there still
remains little research regarding long-term outcomes from
Fitbit-based interventions, including health outcomes [11,16].
As trials longer than 6 months have noted greater dropout rates
over time [16], it will be important to explore this timeframe in
future trials. Another limitation regarding the study design was
the lack of a control group. Although this design has been used
in similar feasibility trials, the lack of a control group limits the
inferences we can make pertaining to the internal validity of
the intervention. Though participant step counts were fairly
consistent during the trial, this consistency could be attributed
to having a highly motivated sample of individuals or to the
Hawthorne effect and its impact on motivation and behavior.
With regard to app usability, some participants reported
confusing the SMS text messages delivered by the MyDataHelps
app with push notifications sent by the Fitbit: Health & Wellness
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app, which may have affected their MARS usability score
evaluation. Additionally, familiarity and comfort with navigating
smartphone apps associated with wearable technology were not
assessed. Notably, we relied on recruiting patients from an EHR
patient registry list. This method may have allowed us to capture
patients who would not otherwise have reached out to join the
study, but also may have introduced selection bias and is less
pragmatic than a program that is implemented within routine
clinical workflow. While we examined step counts only, it
should be noted that Fitbit tracks additional metrics of minutes
and intensity of activity and time spent being sedentary that
should be considered. Lastly, we ascertained that most of the
clinicians wanted training, guidance, or knowledge of how to
integrate these into their workflow. Given the busy workload
of clinicians, it is possible that in practice they would prefer
better reports and objective data to be provided, rather than
actively taking part in new tasks added into their workflow.
This should be examined in future trials.

Conclusions
This study showed that a remotely delivered light-intensity
physical activity program was feasible and acceptable in a
sample of diverse cancer survivors. Future studies should
consider registry-based methods and other strategies to engage
hard-to-reach cancer survivor populations who are known to
experience disproportionately high adverse health outcomes
and low physical activity levels. These strategies should also
be directed toward making improvements to recruit and engage
larger numbers of participants from diverse sociodemographic
backgrounds with consideration to technology access and use.
On an individual scale, since some participants may have been
more intrinsically motivated than others, future trials will benefit
from assessing the underpinnings of participant motivation.
Lastly, future trials should place emphasis on clinic
implementation, including the quality of and method of delivery
for reports, given the noted importance and use of the wearable
device and app integration by cancer care clinicians for their
survivors to be motivated to engage in and sustain physical
activity.
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Abstract

Background: Older adults (aged >65 years) are disproportionately affected by cancer at a time when Canadians are surviving
cancer in an unprecedented fashion. Contrary to persistent ageist assumptions, not only do the majority of older adult cancer
survivors use digital health technologies (DHTs) regularly, such technologies also serve as important sources of their health
information. Although older adults’ transition to cancer survivorship is connected to the availability and provision of relevant
and reliable information, little evidence exists as to how they use DHTs to supplement their understanding of their unique situation
to manage, and make decisions about, their ongoing cancer-related concerns.

Objective: This pilot study, which examined older adult cancer survivors’ use of DHTs, was conducted to support a larger study
designed to explore how digital health literacy dimensions might affect the management of cancer survivorship sequelae.
Understanding DHT use is also an important consideration for digital health literacy. Thus, we sought to investigate older adult
cancer survivors’ perceptions of DHTs in the context of accessing information about their health, health care systems, and health
care providers.

Methods: A qualitative pilot study, which involved semistructured interviews with older adult cancer survivors (N=5), was
conducted to explore how participants interacted with, accessed, and searched for information, as well as how DHT use related
to their cancer survivorship. Institutional ethics approval (#21‐0421) was obtained. Interpretive description inquiry—a
practice-based approach suitable for generating applied knowledge—supported exploration of the research question. Thematic
analysis was used to examine the transcripts for patterns of meaning (themes).

Results: Assessing the credibility of digital information remains challenging for older adult cancer survivors. Identified benefits
of DHTs included improved access to meet health information needs, older adult cancer survivors feeling empowered to make
informed decisions regarding their health trajectory, and the ability to connect with interdisciplinary teams for care continuity.
Additionally, participants described feeling disconnected when DHTs seemed to be used as substitutes for human interaction.
The results of this pilot study were used to create 12 additional questions to supplement a digital health literacy survey, through
which we will seek a more fulsome account of the relationship between digital health literacy and DHTs for older adult cancer
survivors.

Conclusions: Overall, this pilot study confirmed the utility of DHTs in enhancing the connection of older adult cancer survivors
to their health care needs. Importantly, this connection exists on a continuum, and providing greater access to technologies, in
combination with human support, leads to feelings of empowerment. DHTs are an important aspect of contemporary health care;
yet, these technologies must be seen as complementary and not as replacements for human interaction. Otherwise, we risk
dehumanizing patients and disconnecting them from the care that they need and deserve.

(JMIR Cancer 2025;11:e59391)   doi:10.2196/59391
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Introduction

Older adults (aged >65 years) are the fastest-growing segment
of the Canadian population with unprecedented cancer
survivorship [1]. Technology has become increasingly

important, with older adult cancer survivors reporting that a
significant proportion of their health care information is gathered
from digital sources [2]. Despite such availability, finding and
accessing information during transitions to survivorship are
challenging [3]. Access to information plays a vital role in
improving cancer survivors’ health outcomes and quality of
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life. Although older adult cancer survivors may have unique
needs, there is little research examining the extent of digital
health technology (DHT) use to support their health. DHTs “use
computing platforms, connectivity, software, and sensors for
health care and related uses” and include telemedicine, wearable
devices, educational resources, remote patient monitoring, etc
[4].

With the increasing reliance on DHTs [5], a consistent concern
for older adult cancer survivors is interacting with health care
systems digitally [6]. Contrary to persistent ageist assumptions,
not only do 95% of this group use DHTs regularly, DHTs are
substantial sources of their health information [7].
Understanding DHT use is also an important consideration for
digital health literacy (DHL). DHL is the capacity “to acquire,
process, communicate, and understand health information and
services, make effective health decisions, and promote and
improve individual and collective health in the context of the
use of digital information and technologies” [7]. This pilot study,
which examined older adult cancer survivors’ use of DHTs,
was conducted to support a larger study designed to explore
how DHL dimensions might affect the management of cancer
survivorship sequelae.

Methods

Ethical Considerations
The pilot study reporting was guided by the COREQ
(Consolidated Criteria for Reporting Qualitative Research)
checklist (Checklist 1) [8]. Institutional ethics approval

(#21‐0421) was obtained from the University of Victoria, and
informed consent was secured in advance of conducting
interviews. Confidentiality was maintained throughout the
research process, and all transcripts were deidentified prior to
analysis, with data stored in password-protected files.
Participants were given a CAD $25 (US $17.53) gift card.

Recruitment
Participants were recruited through the social media platforms
of local eldercare and retirement groups, and recruitment
consisted of 3 recruitment posters that were posted weekly in
attempts to elicit diverse responses. As only 2 participants
responded to those efforts, an additional 3 participants were
recruited, using the snowball method by way of the initial 2
participants’ social networks. The inclusion criteria included
being aged 65 years or older, speaking English, having
completed cancer treatment within the past 5 years, and being
a resident of British Columbia, Canada.

Data Collection
Semistructured, 90-minute, individual interviews were
conducted over a secure videoconferencing platform. Interview
questions investigated how participants interacted with,
accessed, and searched for information, as well as DHT use
related to their cancer survivorship (Textbox 1). The
audio-recorded interviews were transcribed and deidentified by
the research associate (CF), with two researchers (LN and HM)
reviewing for accuracy, prior to analysis. Participants were
offered an opportunity to review their transcript for accuracy.

Textbox 1. Interview questions. Research questions asked to the participants aimed to identify how older adults use digital health tools to interact with,
access, and search for information related to their health care and cancer survivorship.

Interview questions

1. What information resource(s) did you use most often?

2. How did you manage multiple information resources?

3. How did you determine the information was credible?

4. Knowing what you know now, what information do you wish you had access to?

5. What questions did you have around your transition from treatment to survivorship?

6. What questions were the most difficult to find answers to?

7. What have you found difficult to understand about this transition?

8. What do you like/dislike about using digital health tools?

9. What makes it easy/difficult for you to use digital health tools?

10. Now that you have completed the eHealth literacy survey, and after thinking about the questions already asked, is there anything else you would
like to tell us?

Reflexivity, Interpretive Description, and Thematic
Analysis
All interviews were conducted by 2 PhD-prepared assistant
professors (LN and HM) and an undergraduate student, who
was included as a research associate (CF). The lead authors
have experience with qualitative research; are from the Global
North; and identify as cisgender, White, female individuals who
endeavor to be reflexive on positionality and perspectives
throughout the research process. Interpretive description

inquiry—a practice-based approach suitable for generating
applied knowledge—supported exploration of the research
question [9]. Thematic analysis was used to examine the
transcripts for patterns of meaning (themes) [10]. The
researchers convened after independently reviewing the first
transcript to ensure congruence. As the researchers became
familiar with the data and generated initial codes, themes were
reviewed together. Finally, the researchers agreed that the
themes accurately reflected participants’ responses.
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Results

Participants
A total of 5 older adult cancer survivors (4 women and 1 man),
with an average age of 69 (SD 2.06) years, completed
interviews. All 5 had postsecondary education and stated that
they accessed DHTs daily. All participants had completed cancer
treatment within the past 5 years and represented different
geographic areas of the province. Participants were not known
to the researchers prior to the interviews; however, researcher
information and an overview of the research project were
included in the informed consent process. Time and an
opportunity for participants to ask questions were provided prior
to the interviews. Additionally, during the informed consent
process, participants were assured that their data were private
and were not to be shared publicly. Thus, supporting data are
not available publicly.

Themes
Thematic analysis [10] highlighted the following three main
themes: access, empowerment, and connection.

Access
All participants agreed that access to DHTs is crucial for health
care purposes and for facilitating health care needs with minimal
disruption to routines. Distinguishing between access and
accessibility is essential; despite owning digital devices and
feeling comfortable with using them, 3 participants had no
interest in or did not enjoy using digital devices for health care.
However, 1 participant expressed how DHTs “were very
helpful” and that they “used them for follow up with therapists
and counselors.” Such access allowed health care needs, such
as education and remote connection to health care professionals
(HCPs), to be addressed conveniently.

Empowerment
All participants associated DHT with feelings of empowerment,
that is, being involved in their health decisions and being in
control of their information (including access). All participants
discussed the autonomy provided by DHTs. Participants
explained feeling empowered by being in control, by accessing
education, and by the ability to book appointment times. One
participant said, “You can get all the information you need…I
never cease to be amazed at what technology can do.” Another
participant expressed their satisfaction with DHTs, stating “I
don’t have to track it down; everything is just right there.” As
such, participants found that independently booking
appointments, retrieving educational materials, and reviewing
available medical records (eg, laboratory results) improved their
sense of empowerment.

Connection
Participants described how DHTs enhanced connection. One
participant stated that DHTs “allow for discussion that

healthcare professionals wouldn’t [otherwise] have time [to
start].” A second participant echoed this, saying “When I was
really sick, my doctor called me every day.” This web-based
connection was especially important in instances when
participants were too ill to commute but not ill enough to be
admitted to a hospital. In other cases, participants discovered
community support through online groups. For example, one
participant found videoconferencing with a survivorship group
very helpful. Another participant stated, “I remember
[medication] affected emotions; nothing could prepare you for
that…My doctor and counselor didn’t really talk about it...going
online and finding that other people are having the same impact
was very comforting.” In this case, the patient found a sense of
community through shared experiences on the web.

Paradoxically, participants also described experiences where
human connection was absent. One participant shared an
example of when an HCP noticed and addressed a physical
concern as they were leaving an in-person appointment. This
participant felt that this would never have been noticed in a
web-based meeting. Another key observation was how
intonation of voice, facial expressions, and body language of
HCPs were difficult to discern and negatively impacted the
participants’ interpretations of interpersonal communication.
One participant expressed frustration with “stereotypes placed
on older people.” Another stated, “People tend to treat everyone
over the age of 65 like they are homogenous.” Participants
expressed annoyance with HCPs often overexplaining
technology or assuming a lack of understanding of how to access
DHTs when the participants felt that they could complete the
task independently. The participants also pointed out instances
in which HCPs lacked knowledge about the DHTs they expected
patients to use.

Key Learnings to Inform Future Work
Participants reported that DHTs can facilitate access and
empowerment. Participants’ experiences also pointed to how
DHTs can either foster connection or create barriers to human
connection. That is, they described their feelings of connection
as along a continuum from feeling disconnected from health
care services to feeling connected with health care services
(Figure 1). Participants outlined items that contribute to
disconnection, such as the feeling of not being heard, services
that are less tailored to their situation, and less accessibility. In
contrast, participants further described feelings of greater
connection with items such as greater access, the feeling of
being heard by HCPs, and congruence between information
received and what they are experiencing in their body. The
results of this pilot study were used to create 12 additional
questions to supplement a DHL questionnaire (Textbox 2) for
the next phase of the project [11], in which we will seek a more
fulsome account of the relationship between DHL and DHTs
for older adult cancer survivors.

JMIR Cancer 2025 | vol. 11 | e59391 | p.485https://cancer.jmir.org/2025/1/e59391
(page number not for citation purposes)

Newton et alJMIR CANCER

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Figure 1. Connection continuum.

Textbox 2. Questions to be included in the eHealth literacy survey. After completing the interviews, the following questions, based on the insights
from pilot study participants, were created to address additional areas of importance in the digital health literacy survey.

Questions to be included in the eHealth literacy survey

1. To support your survivorship, what information did you get using digital health tools?

2. Has the COVID-19 pandemic changed the way you think about digital health tools?

3. What digital health tools (apps, websites, wearables) did you use to support health and survivorship and how useful were they?

4. Did you join any support groups for people who have finished cancer treatment?

5. How often do you use digital health tools?

6. Is there anything you like about using digital health tools?

7. Is there anything you dislike about using digital health tools?

8. Is there anything you dislike about digital health tools as a part of health care?

9. If you are frustrated using digital health tools, how did you get through this frustration?

10. Where do you go if you need help with digital health tools?

11. In the past year, have you connected with a health care professional digitally?

12. What recommendations do you have about digital health tools for health professionals and organizations?

Discussion

Principal Findings
The participants in this pilot study confirmed some of the
benefits of using DHTs for older adults’ cancer survivorship;
they can learn about their condition, connect with
interdisciplinary teams for continuity of care, find connections
and community support, and make educated and informed
decisions regarding their health trajectory in survivorship. These
findings are congruent with other studies, in which older adult
cancer survivors expressed preferences for in-person visits and
personalized telehealth visits [12], described how using DHTs
could provide a sense of autonomy (ie, by allowing them to be
actively involved with their health care) [2], and appreciated

access to technology while maintaining a strong preference to
be listened to with basic respect [13]. However, the propensity
of health care systems to use DHTs as substitutes for human
interactions to increase cost-effectiveness and efficiency can
counteract those benefits. Indeed, given the existing structural
ageism inherent in contemporary health care, there is a real
danger of amplifying ageist processes, which can result in care
that does not account for the intersection of normal aging and
cancer survivorship [13]. Further, with the current lack of
accounting for the burdens of navigating challenging cancer
care systems, DHTs can either escalate feelings of disconnection
or provide opportunities for connection and reconnection.
Re-establishing the patient at the center of care and leveraging
the humanity possible in DHTs are crucial; to continue to do
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otherwise will ultimately lead to a sense of disengagement.
DHTs are an important aspect of contemporary health care; yet,
these technologies cannot replace HCP contact, or we risk
dehumanizing patients and disconnecting them from the care
that they need and deserve. By using DHTs compassionately
and strategically for the ongoing care of older adult cancer
survivors, HCPs can support this group along a continuum from
feeling disconnected from health care services to feeling
connected with health care services. Thus, it is imperative to
determine the conditions under which DHTs complement health
care and enhance rather than impair connection.

Limitations
Despite providing insights to augment the future survey, having
only 5 participants inherently limits the scope and transferability
of these findings. Further, although the participants represented

geographic diversity, all identified as White, spoke English,
and had postsecondary education; thus, this small,
nonrepresentative sample may have reduced the richness of the
data and the ability to achieve data saturation. Questions
regarding diversity will also be added to the upcoming survey.

Conclusion
Overall, this pilot study confirmed the utility of DHTs in
enhancing the connection of older adult cancer survivors to
health care. Importantly, this connection exists on a continuum,
and providing greater access to DHTs, in combination with
human support, leads to feelings of empowerment. We are
confident that applying these findings to further research will
illuminate best practices for supporting older adult cancer
survivors to optimize their cancer-free years.
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Abstract

Background: Though telehealth has been a promising avenue for engaging cancer survivors with health care and lifestyle
programming, older and rural-dwelling cancer survivors may have additional challenges in accessing digital devices and tools
that have not yet been described. This study aimed to use a robust, nationally representative sample collected in 2022 to provide
an updated view of digital technology use and the use of technology for health in this population.

Objective: This study aimed to examine the prevalence of digital technology use for health-related activities among older cancer
survivors in both rural and urban settings. The primary outcomes of interest included (1) internet access and use for health-related
activities, (2) digital device ownership and use as a tool for health behaviors, (3) use of social media for health, and (4) use of
telehealth.

Methods: A cross-sectional analysis of the National Cancer Institute’s Health Information National Trends Survey Cycle 6
(HINTS 6) was completed to examine the prevalence of digital technology use among older cancer survivors. For analysis, the
sample was restricted to cancer survivors over the age of 60 years (n=710). Unadjusted and adjusted logistic regression models
were used to test the association between rurality and digital health tool use.

Results: Overall, 17% (125/710) of the sample lived in a rural area of the United States and the mean sample age was 73 (SD
8.2) years. Older cancer survivors, regardless of rural-urban status, reported a high prevalence of internet usage (n=553, 79.9%),
digital device ownership (n=676, 94.9%), and social media use (n=448, 66.6%). In unadjusted models, rural survivors were less
likely than urban survivors to report that they had used a health or wellness application in the previous year (odds ratio [OR]
0.56, 95% CI 0.32-0.97; P=.04). In adjusted models, rural survivors were more likely to report that they had shared personal
health information on social media (OR 2.64, 95% CI 1.13-6.19; P=.03). There were no differences in the proportion of rural and
urban respondents who reported receiving health services through telehealth in the previous year.

Conclusions: Regardless of the residential status, older cancer survivors report high internet and technology use for health-related
activities. These results show promise for the feasibility of using digital technologies to implement supportive care and wellness
programming with older cancer survivors.

(JMIR Cancer 2025;11:e66636)   doi:10.2196/66636

KEYWORDS

cancer; non-metropolitan; disparities; digital divide; health research; aging; rural-urban; digital health technology; cross-sectional;
health behaviors; mobile phone
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Introduction

Improvement in cancer treatments and increasing life expectancy
have led to a greater proportion of older, long-term survivors
of cancer. As of 2022, 67% of cancer survivors in the United
States were above the age of 65 years [1]. Though there are over
12 million older cancer survivors in the United States, their
perspectives regarding survivorship and long-term care needs
are not well described [1-4]. There are noted cancer care
disparities among rural populations where the population tends
to be older and to face a higher incidence and mortality rate
from cancer than younger survivors. This is likely driven by
barriers to accessing state-of-the-art cancer prevention,
treatment, and survivorship services that support
cancer-preventive behaviors [5-9].

Telehealth and other digital health tools offer an opportunity to
bridge the gaps in care between rural and urban cancer survivors.
Digital tools, such as the internet, electronic wearable devices,
and social media, offer ways to disseminate health promotion
materials and education remotely. Given the barriers that rural
residents face in accessing in-person health behavior
programming and resources, remote delivery with digital health
tools is one strategy for delivering this information. In fact, a
systematic review of lifestyle behavior change interventions for
rural cancer survivors found that programming predominately
relied on delivery using a hybrid or remote format by the use
of digital technology, though the evidence of effectiveness was
limited [10]. Remotely delivered programming to support
psychosocial well-being and lifestyle behavior change has been
shown to be effective for survivorship more generally, but the
evidence of acceptability and usability for survivors living in
rural areas is lacking [10]. While digital literacy and access
disparities have long existed between rural and urban
communities, commonly known as the digital divide [11-13],
the COVID-19 pandemic has provided a push to address some
of these barriers and has led to greater adoption of telehealth
and other digital health tools [14-16]. For example, during the
pandemic, providers pushed for the use of telehealth visits to
complete routine check-ups with patients, especially
immunocompromised cancer patients undergoing treatment.
By providing information and instructions on how to complete
telehealth visits remotely, many patients became familiar with
how to access digital technology. Whether additional
modifications in telemedicine and digital health delivery are
needed to meet the supportive care needs of older survivors is
not known. To address this gap in the literature, additional work
is needed to understand the access and use of digital technology
in this population.

Digital health technology is a promising tool to support lifestyle
behavior change programming, but the acceptability and
usability of digital technology for rural cancer survivor
populations, particularly older survivors, has not been fully
explored. This study aimed to use a robust survey-based dataset
to (1) describe the use of digital technology among cancer
survivors, (2) assess the use of telehealth and other digital
technology to support health, and (3) examine the association
between rurality and digital health tool use and access among

older (>60 y) cancer survivors who responded to this nationally
representative survey in 2022.

Methods

Study Design and Population
This cross-sectional analysis was derived from the National
Cancer Institute (NCI) Health Information National Trends
Survey (HINTS), a nationally representative sample of the adult,
noninstitutionalized population in the United States. NCI has
been collecting HINTS data every few years since 2003 to
evaluate trends in health information access and attitudes toward
digital health technology [17,18]. Detailed information about
the methodology and publicly available deidentified datasets
can be found on the NCI HINTS website [19]. This analysis
was deemed exempt by the University of Arizona Institutional
Review Board.

This analysis uses data from HINTS 6, which was collected
between March and November 2022. As this was the first full
HINTS survey completed after the beginning of the COVID-19
pandemic wherein telehealth use increased appreciably [15,20],
this iteration was selected to best reflect the current prevalence
of digital technology use. HINTS 6 is also the first to include
stratification for residential status in the sampling strategy to
ensure better representation of rural participants [21]. Out of
the 6252 total respondents (response rate 28.1%), those without
a history of cancer (n=4982), those under the age of 60 years
(n=174), or those with missing data for cancer diagnosis or age
(n=119) were excluded from analyses. Cancer diagnosis was
determined with a self-report question asking if the respondent
had ever been diagnosed with cancer. A cutoff of 60 years of
age was used to define an “older cancer survivor” to maximize
the analysis sample size and realizing that cancer survivors
experience accelerated aging, meaning a 60-year-old cancer
survivor may be more like a 65-year-old noncancer survivor.
The final analytical sample included 710 cancer survivors 60
years of age or older. Most participants completed HINTS 6
using a mailed paper copy of the survey (435/710, 61.3%)
compared with a web-based version of the survey (275/710,
38.7%).

Ethical Considerations
The HINTS 6 general population survey was designated “exempt
research” and approved by the Westat Institutional Review
Board (IRB) (Project # 6632.03.51). HINTS 6 was designated
as “Not Human Subjects Research” from the National Institutes
of Health Office of IRB Operations (iRIS reference number:
562715).

Outcome Variables
The primary measures of interest pertained to (1) internet access
and use for health-related activities, (2) digital device ownership
and use as a tool for health behaviors, (3) use of social media
for health, and (4) use of telehealth.

Internet
Internet use was assessed with the question, “Do you ever go
on-line to access the internet or World Wide Web, or to send
and receive email?” Respondents who indicated “yes” were
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then provided a follow-up question asking how they have used
the internet for health-related needs in the previous 12 months
with 4 statements to consider: “Look for health or medical
information,” “Send a message to a health care provider or a
health care provider’s office,” “View medical test results,” and
“Make an appointment with a health care provider.”
Respondents answered each statement with a “yes” or “no”
response. Those who reported using the internet were also asked
about their level of satisfaction with their home internet
connection using a 5-point scale ranging from “extremely
satisfied” to “not at all satisfied.”

Digital Devices
Survey respondents were asked if they own any of the following
digital devices: tablet computer (eg, Apple iPad, Samsung
Galaxy, or Kindle Fire), a smartphone (eg, Apple iPhone,
Blackberry, or Android), or a basic mobile phone. These
responses were then categorized to describe participants who
owned these devices, those who owned multiple devices, and
those who owned no digital devices. Those who indicated they
own a tablet or smart phone were asked, “In the past 12 months,
have you used a health or wellness app on your tablet or
smartphone?” Ownership and use of wearable devices (eg, Fitbit,
Apple Watch, or Garmin Vivofit) was assessed with the
question, “In the past 12 months, have you used an electronic
wearable device to monitor or track your health or activity?”
To assess how respondents have used digital devices to support
their health, participants were asked if they had shared any
health information from either their wearable device or
smartphone with a health professional in the previous year.

Social Media
Social media use was assessed with the question, “In the past
12 months, how often did you do the following?” The 5
statements included: “Visited a social media site,” “Shared
personal health information on social media,” “Shared general
health information on social media,” “Interacted with people
who have similar health or medical issues on social media or
online forums,” and “Watched a health-related video on a social
media site (eg, YouTube).” The response options for each
included 5 categorical frequency of use options ranging from
“Never” to “Almost every day.” These response types were
dichotomized to capture if the respondent had used social media
for the purpose at all in the last 12 months or not at all.

Telehealth
Telehealth use was assessed with the question, “In the past 12
months, did you receive care from a doctor or health professional
using telehealth?” Those who indicated they had not used
telehealth were then asked if telehealth had been offered by
their provider if they had tried to schedule medical care. Those
who did choose to use telehealth in the previous year were
prompted with a set of statements and asked to indicate if they
agreed that the statement reflected a reason they participated in
a telehealth visit.

Exposure Variables
The exposure of interest for this analysis was residential status.
This variable was dichotomized into rural and urban residency
using the 2013 Rural-Urban Continuum (RUC) Codes set by

the US Department of Agriculture Economic Research Service
[22]. This code includes 9-values and is derived along a
continuum based on population size and adjacency to a
metropolitan area. Based on previous analyses, urban residencies
were defined as RUC codes 1‐3, while rural residencies were
defined as RUC codes of 4‐9 [11,23,24].

Sample Characteristics
The sociodemographic characteristics included in this analysis
were age, sex, race and ethnicity, occupational status, annual
household income, household size, marital status, education,
and census region. To ensure adequate cell sample size for
analysis, the race and ethnicity variable was condensed into
non-Hispanic White, non-Hispanic Black or African American,
Hispanic, and non-Hispanic other. Occupational status was
organized into 4 categories including employed, retired,
disabled, and other (ie, unemployed, homemaker, and student).
Related to cancer history, the age of diagnosis, years since
diagnosis, and cancer type were included in the summary of the
sample.

Statistical Analysis
This is a cross-sectional analysis of the use of digital health
tools and telehealth in older cancer survivors who completed
the HINTS 6 survey collected in 2022. Provided survey weights
were applied using the Jackknife repeated replication method
for population level estimates.

Sociodemographic characteristics, health behaviors, and cancer
history were stratified by residential status (rural vs urban) and
differences were assessed using Wald design-based chi-square
tests of independence or t tests. Rurality and associations with
using digital health tools and telehealth were individually
assessed using both unadjusted and adjusted multiple logistic
regression models. Models were adjusted for age, race and
ethnicity, annual household income, and education. Sex and
marital status were not found to be confounders or effect
modifiers and were thus not included in the adjusted model. An
α level of .05 was considered statistically significant. A post
hoc sensitivity analysis was conducted excluding respondents
who reported diagnosis with nonmelanoma skin cancer as this
is a population of people with a cancer diagnosis that experience
very different treatment and survival outcomes from the general
survivor population. All analyses were completed using STATA
17 (StataCorp LLC).

Results

Demographics
Out of the 710 older cancer survivors included in this analysis,
17% (n=125) were living in rural areas (see Table 1 for detailed
sample characteristics). The average age of the respondents was
73 (SD 8.2) years. While most demographic characteristics did
not differ between rural and urban survivors, rural cancer
survivors were more likely to identify as non-Hispanic White
(93% [n=95] vs 84% [n=415]; P=.007) and reported a lower
annual household income (P=.01). When considering the US
census region, a greater percentage of Midwest participants
were living in rural areas compared to urban areas (37.3% vs
14.4%), while a lower percentage of participants in the West
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and Northeast regions were living in rural areas compared to
urban areas (P<.001). Most respondents were retired (n=497,
71.7%) and married or living with a romantic partner (n=356,
64.7%). Though there were no differences in age at diagnosis
or years since diagnosis between groups, nonmelanoma skin
cancer was the most prevalent cancer type (n=149, 31.2%);

rural participants reported greater prevalence of breast and
gynecological cancer than urban residents (P=.03). There were
no differences in the survey form version completed between
rural and urban residents, with 59.9% (n=350) of urban
respondents and 68% (n=85) of rural respondents using a paper
version of the survey (P=.09).

JMIR Cancer 2025 | vol. 11 | e66636 | p.492https://cancer.jmir.org/2025/1/e66636
(page number not for citation purposes)

Werts-Pelter et alJMIR CANCER

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Table . Sociodemographic characteristics of cancer survivors participating in Health Information National Trends Survey 6 (HINTS 6) by residential
status. Missing data <10%.

P valueUrbanRuralTotalCharacteristics

585 (82.6)125 (17.4)710 (100)Participants, n (%)

.94Sex, n (weighted %)

258 (45.9)

325 (54.1)

58 (46.5)

67 (53.5)

316 (46)

393 (54.1)

    Male

    Female

.2973.2 (8.3)72.3 (7.3)73.0 (8.2)Age, years, mean (SD)

.007Race and ethnicity, n
(weighted %)

415 (84.1)

66 (6.5)

45 (6.7)

21 (2.7)

95 (92.8)

7 (2.2)

2 (0.9)

6 (4.2)

510 (85.6)

73 (5.7)

47 (5.8)

27 (2.9)

    Non-Hispanic White

    Non-Hispanic Black or
African American

    Hispanic

    Non-Hispanic Other

<.001Region, n (weighted %)

80 (20.6)

78 (14.4)

280 (41.8)

147 (23.2)

12 (9.2)

36 (37.3)

64 (44.9)

13 (8.6)

92 (18.6)

114 (18.4)

344 (42.3)

160 (20.7)

    Northeast

    Midwest

    South

    West

.07Education, n (weighted %)

31 (4.9)

98 (19.8)

169 (42.8)

283 (32.5)

8 (5.5)

32 (29.4)

43 (44.4)

41 (20.8)

39 (5)

130 (21.5)

212 (43.1)

324 (30.5)

    Less than high school

    High school graduate

    Some college

    College graduate or more

.28Occupational status, n
(weighted %)

120 (21.6)

403 (70.2)

26 (3.6)

29 (4.6)

18 (14.7)

94 (78.9)

6 (1.8)

6 (4.6)

138 (20.4)

497 (71.7)

32 (3.3)

35 (4.6)

    Employed

    Retired

    Disabled

    Other

.01Annual household income,
mean (SD)

74 (7.9)

67 (11.7)

80 (15)

103 (21.9)

210 (43.4)

25 (11.8)

25 (19.1)

13 (13.9)

25 (32)

26 (23.2)

99 (8.6)

92 (13)

93 (14.8)

128 (23.6)

236 (40)

    Less than $20,000

    $20,000 to <$35,000

    $35,000 to <$50,000

    $50,000 to <$75,000

    $75,000 or more

.70Marital status, n (weighted
%)

289 (63.8)

113 (10.6)

124 (15)

55 (10.7)

60 (69.7)

26 (9.7)

28 (15.4)

4 (5.5)

356 (64.7)

139 (10.4)

152 (15)

59 (9.8)

    Married or living with a
romantic partner

    Divorced or separated

    Widowed

    Single, never married

.9457.6 (14.7)57.5 (14.8)57.5 (14.7)Age diagnosed, years

.47Years since diagnosis,
mean (SD)
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P valueUrbanRuralTotalCharacteristics

50 (8.1)

108 (19.7)

106 (19.7)

309 (52.5)

11 (9.1)

29 (22.9)

21 (13.1)

62 (55)

61 (8.3)

137 (20.2)

127 (18.6)

371 (52.9)

    <1

    2‐5

    6‐10

    11+

.03Cancer type, mean (SD)

78 (14.8)

37 (5.4)

33 (6.1)

63 (13.9)

29 (4.5)

121 (30.8)

31 (10)

70 (14.6)

21 (24.7)

14 (12.2)

2 (2.1)

15 (15.9)

3 (2.5)

28 (33.5)

5 (3.9)

7 (5.1)

99 (16.5)

51 (6.6)

35 (5.4)

78 (14.2)

32 (4.2)

149 (31.2)

36 (8.9)

77 (12.9)

    Breast

    Gynecological

    Colorectal

    Prostate

    Blood

    Skin, nonmelanoma

    Melanoma

    Other

There were no differences in internet use or mode of access,
digital device ownership, or social media use in the previous
12 months between older rural and urban survivors (Table 2).
Overall, most older survivors were using the internet (n=553,
79.9%) and predominately used a high-speed service to connect
(n=486, 89.8%). Though they shared the same prevalence of
internet use, rural cancer survivors were more likely to report

a lack of satisfaction with their internet connection than urban
survivors (8.7%, n=7, rural vs 0.4%, n=3, urban; P<.001).
Regardless of residential status, older survivors reported high
rate of smartphone ownership (n=544, 78.5%) and only 5%
(n=31) reported not owning any digital devices. About half of
older survivors owned more than 1 digital device (n=345,
51.7%).

Table . Weighted prevalence of internet use, digital device ownership, and social media access in the past 12 months by residential status.

P valueUrban, %Rural, %Total, %

.6780.178.179.9Used the internet at all

Mode of accessing the inter-

net a

.95

.29

.45

1.9

90.8

68.5

2

84.7

74.1

1.9

89.8

69.5

Dial-up or telephone line

High-speed service

Cellular network

.006Internet connection satis-
faction

18.8

45

30.1

5.7

0.4

4.6

59.2

22.2

5.3

8.7

16.4

47.4

28.8

5.6

1.8

Extremely satisfied

Very satisfied

Somewhat satisfied

Not very satisfied

Not at all satisfied

Digital device ownership
a

.12

.58

.29

.09

.3

61.1

79

8.2

53.9

5.5

48.6

76.1

13.6

41.4

3.2

58.9

78.5

9.2

51.7

5.1

.2865.671.666.6Visited a social media site

aCategories are not mutually exclusive.

Internet
In both unadjusted and adjusted logistic regression models, the
use of the internet to support health did not differ between older

rural and older urban cancer survivors. Regardless of residential
status, most respondents who used the internet within the past
12 months indicated that they have used the internet to look for
health information (n=463, 86.5%), they have sent a message
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to their health care provider (n=362, 67.5%), and they have viewed their medical test results (n=405, 78.9%; Table 3).

Table . Association of rural versus urban residence and use of digital health tools in the previous 12 months.

P valueAdjusted ORa

(95% CI)

P valueUnadjusted OR
(95% CI)

Weighted percent, %Digital health tools

UrbanRural

Internet

.440.73 (0.33-1.62).090.50 (0.22-1.11)88.178.7Used the internet to
look for health or
medical informa-
tion

.620.80 (0.33-1.95).540.81 (0.40-1.61)68.463.6Used the internet to
send a message to
a health care
provider or health
care providers of-
fice

.270.63 (0.28-1.44).10.54 (0.26-1.11)80.869.5Used the internet to
view medical test
results

.130.52 (0.22-1.21).070.53 (0.27-1.07)58.442.7Used the internet to
make an appoint-
ment with a health
care provider

Digital devices

.580.85 (0.47-1.53).040.56 (0.32-0.97)51.336.9Used a health or
wellness app on a
tablet or smart-
phone

.580.81 (0.38-1.73).170.64 (0.33-.21)2819.8Used an electronic
wearable device to
monitor or track
health or activity

.581.25 (0.56-2.78).650.87 (0.46-.63)24.421.8Shared health infor-
mation from an
electronic monitor-
ing device or
smartphone with a
health professional

Social media

.032.64 (1.13- 6.19).131.92 (0.82-4.51)10.919Shared personal
health information
on social media

.140.55 (0.24-1.23).560.79 (0.35-1.79)26.321.9Shared general
health-related infor-
mation on social
media (ie, news arti-
cle)

.851.08 (0.46-2.58).631.24 (0.50-3.07)16.519.7Interacted with
people with similar
health or medical
issues on social
media or online fo-
rums

.440.76 (0.37-1.55).780.91 (0.48-1.72)42.340.2Watched a health-
related video on a
social media site

aLogistic regression models were adjusted for age, race and ethnicity, annual household income, and level of education.
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Digital Devices
Compared with urban survivors, rural respondents who owned
a smartphone or tablet were less likely to report that they had
used a health or wellness application in the previous year
(36.9%, n=36, rural vs 51.3%, n=234, urban; unadjusted OR
0.56, 95% CI 0.32-0.97; P=.04). This difference was no longer
significant in adjusted logistic regression models when age,
annual household income, education, and race and ethnicity
were considered (adjusted OR 0.85, 95% CI 0.47-1.53; P=.58).
There were no differences in the use of wearable devices to
track activity or to share health information with a health care
provider. Overall, 26.5% (n=165) of older survivors reported
using a wearable device to track their health or activity. While
only 23.9% (n=166) of older survivors indicated they have
shared data from a smartphone or wearable device with a health
professional in the previous year, 81.3% (n=135) indicated that
they would be willing to do so in the future.

Social Media
Two-thirds of older adults (n=448, 66.6%) visited a social media
site in the previous year. Though social media use was similar
for both urban and rural survivors, older cancer survivors living
in rural areas were twice as likely to report that they had shared

personal health information on social media in the previous year
(adjusted OR 2.64, 95% CI 1.13-6.19; P=.03). Less than 20%
(n=115) of older cancer survivors reported having used social
media or a chat forum to interact with people who have similar
health issues and 25.5% (n=173) indicated that they had shared
general health information on social media in the previous year.

Telehealth
There were no differences in the proportion of rural and urban
respondents who indicated they had received care from their
health care provider using telehealth in the previous 12 months
(Table 4). Rural and urban cancer survivors were equally likely
to have been offered the option to have a telehealth visit by their
providers. For respondents who indicated they received care
using telehealth, the primary reason for choosing to participate
in a telehealth visit was provider recommendation or
requirement (n=215, 81.1%). A total of 54% (n=136) of older
cancer survivors indicated that they chose to participate in
telehealth because it was more convenient than going to a health
care office. Compared with older urban survivors, rural survivors
were less likely to indicate that one of their reasons for choosing
telehealth was to seek advice about whether in-person care was
needed (adjusted OR 0.21, 95% CI 0.05-0.94; P=.04).
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Table . Association of rural versus urban residence with use and reasons for use of telehealth in the previous 12 months.

P valueAdjusted ORa

(95% CI)

P valueUnadjusted OR
(95% CI)

Weighted percent (%)Statement

UrbanRural

.490.79 (0.41-1.54).150.68 (0.40-1.15)42.633.5Received care from
a doctor or health
professional using
telehealth

.710.87 (0.41-1.86).390.74 (0.36-1.49)48.240.6Offered the option
to have a telehealth
visit for any medi-
cal care

.351.80 (0.52-6.23).291.65 (0.64-4.24)26.337.1Reported technical
problems with the
telehealth visits

Reasons for choosing to participate in telehealth

.870.86 (0.12-6.07).490.64 (0.18-2.32)82.174.6Health care
provider recom-
mended or required
the visit use tele-
health

.040.21 (0.05-0.94).050.34 (0.12-1.00)26.410.8Wanted advice
about whether in-
person medical care
was needed

.170.43 (0.13-1.46).080.46 (0.19-1.10)48.930.4Wanted to avoid
possible infection
at the doctor’s of-
fice or hospital

.241.94 (0.63-5.94).561.31 (0.52-3.29)53.459.9More convenient
than going to the
doctor

.260.44 (0.10-1.90).590.78 (0.31-1.98)23.219.1Could include fami-
ly or other care-
givers in the ap-
pointment

aLogistic regression models were adjusted for age, race and ethnicity, annual household income, and level of education.

Sensitivity Analysis
Exclusion of the 149 respondents diagnosed with nonmelanoma
skin cancer did not materially change the study results (see
Table S1 and S2 in Multimedia Appendix 1 and Multimedia
Appendix 2, respectively). In general, no associations were
identified between residential status and digital tool use in this
smaller sample. There were significant differences in digital
device ownership, with rural survivors being less likely to own
a tablet computer (37.9%, n=37 vs 56.7%, n=265; P=.02) and
to own multiple digital devices (28.7%, n=28 vs 51.5%, n=233;
P=.003; Table S1 in Multimedia Appendix 1).

Discussion

Principal Findings
This study is among the first to examine the use of technology
among older cancer survivors with a specific focus on the use
of technology that became more common overall after the start
of the COVID-19 pandemic. While findings from iterations of
HINTS completed before the start of the pandemic indicated

that rural survivors were less likely to access the internet than
urban survivors [25-27], digital health tool access and use were
similar between groups in this post–COVID-19 analysis.
Regardless of residential status, older survivors of cancer
reported a high prevalence of internet use (n=553, 79.9%),
digital device ownership (n=676, 94.9%), and social media use
(n=448, 66.6%). These post–COVID-19 pandemic prevalence
results are similar to those found in an analysis of older cancer
survivors who responded to the National Health and Aging
Trends Study. In that analysis, a rise in digital health technology
use was seen after the pandemic (52% in 2021), compared with
before (45% in 2019), though they did not compare rural and
urban populations [28]. As this is the first analysis to compare
digital technology use between rural and urban older survivors
after the pandemic, our results indicate that the pandemic may
have enhanced uptake of digital technology across residential
areas, potentially reducing the digital divide between rural and
urban survivors.

Comparison With Previous Work
One of the differences noted between groups in this sample was
that rural survivors, as compared with urban survivors, were
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more likely to report that they had shared personal health
information on social media in the previous year. There are
several hypotheses for why this difference may arise. First, rural
survivors experience greater barriers to accessing in-person
social support, such as travel distance and access to
transportation [5,29,30], which may leave phone or
computer-based support as the more feasible option. Second,
rural survivors tend to experience greater symptoms of anxiety
and depression and poorer health-related quality of life than
urban survivors, yet have limited access to mental health
professionals [5,8,31,32]. Sharing on social media may be an
avenue to garner support, elicit shared experience, or share
positive outcomes. There is limited information available on
rural cancer survivorship and social media use. As follow-up
information was not collected in the HINTS survey about what
type of personal health information was shared or who it was
shared with, future research should explore how rural survivors
use social media and how it is used as a tool for social support
or information gathering.

The access and usability results from this study show promise
for remote treatment and care for older cancer survivors,
particularly those living in rural areas. However, adoption of
wearable devices was modest (n=165, 26.5%) and there remains
a lack of evidence exploring the barriers to digital technology
adoption for those who do not access these tools [33,34].
Wearable devices are one tool to promote self-monitoring of
healthy lifestyle behaviors that may be especially beneficial for
rural survivors who have do not have access to in-person health
coaching. With only 1 in 4 older cancer survivors using a
wearable device, additional work is justified to explore the
acceptability of wearable devices and to classify the barriers to
use. In addition, while these results show promise for increasing
acceptability and usability of telemedicine for health care, there
is still a question of whether remote delivery of survivorship
care and lifestyle behavior change programming is acceptable,
feasible, and efficacious for older, rural cancer survivors [10,35].
A recently completed pilot trial examined this question using
implementation of a remotely delivered, evidence-based group
exercise program for older cancer survivors living in rural areas.
This trial, the tele-EnhanceFitness program, incorporated
remotely monitored Zoom (Zoom Video Communications)
fitness classes 3 days a week for 16 weeks and found low
attrition (5%) and high class attendance rate (87%) [36].
Additional research has identified that rural survivors are
interested in the incorporation of remote lifestyle programs to
their care, but additional study is needed to assess the efficacy
of remote programming and barriers to implementation
[10,35,37,38].

Strengths and Limitations
A strength of this study is the use of the HINTS dataset. HINTS
is a nationally representative survey, which includes rigorous
probability sampling of the US population. The HINTS 6

sampling strategy also introduced stratification for residential
status to ensure better representation of rural participants [21].
In addition, the jackknife weighting strategy used for HINTS
data analysis allows for population-level comparisons and
estimates. Participants used a paper copy to complete the HINTS
6 survey regardless of rural-urban status, limiting potential bias
that may have arisen from digital collection of the survey. As
with all cross-sectional studies, a limitation of this analysis is
the inability to determine cause and effect relationship. The
sample size included for analysis was small given the exclusion
of any respondents without a cancer history and relied on
self-report, which may be affected by recall or response bias.
It also lacked diversity reflecting the larger population of cancer
survivors, limiting the ability to stratify analysis by race and
ethnicity. To maximize sample size and to report results for the
overall survivor population, cancer survivors of nonmelanoma
skin cancer were included in analysis. This may have introduced
confounding by favorable diagnosis, as survivors of
nonmelanoma skin cancer generally do not receive
chemotherapy or radiation. Another limitation is that the
questions regarding digital health technology were general with
limited follow-up about satisfaction with the technology or
desire for future use. Finally, all data were self-reported,
although bias related to reporting of social media use has not
been previously reported.

Future Directions
While digital technology use was found to be similar between
older urban and rural survivors, additional research is needed
to explore the barriers and facilitators to digital technology
adoption for this population and the acceptability of using digital
tools for remote intervention delivery. Quantitative work is
warranted to examine patterns of digital technology use over
time to determine any trends that have emerged since the
COVID-19 pandemic. Future work should aim to expand the
generalizability by recruiting a diverse sample that better reflects
the overall population of cancer survivors living in rural areas.

Conclusion
These findings provide valuable insight into the acceptability
and usability of digital health technology for older cancer
survivors. Regardless of rural-urban status, digital health
technology use was found to be high among cancer survivors.
This is the first analysis of digital health technology use among
rural and urban residents after the start of the pandemic,
indicating the digital divide may be narrowing as use and access
to technology changes over time. For cancer survivors, these
results indicate digital technology is a feasible method for
delivering health information. Implementation of digital
technology-based survivorship and lifestyle programming shows
promise as a feasible solution to overcome barriers to
high-quality cancer care for older and rural-dwelling survivors,
yet additional work in this area is needed.
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Abstract

Background: Patients with melanoma receiving immunotherapy with immune-checkpoint inhibitors often experience
immune-related adverse events, cancer-related fatigue, and emotional distress, affecting health-related quality of life (HRQoL)
and clinical outcome to immunotherapy. eHealth tools can aid patients with cancer in addressing issues, such as adverse events
and psychosocial well-being, from various perspectives.

Objective: This study aimed to explore the effect of the Cancer Patients Better Life Experience (CAPABLE) system, accessed
through a mobile app, on HRQoL compared with a matched historical control group receiving standard care. CAPABLE is an
extensively tested eHealth app, including educational material, remote symptom monitoring, and well-being interventions.

Methods: This prospective pilot study compared an exploratory cohort that received the CAPABLE smartphone app and a
multisensory smartwatch for 6 months (intervention) to a 2:1 individually matched historical prospective control group. HRQoL
data were measured with the European Organization for Research and Treatment of Cancer Quality of Life Questionnaire-Core
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30 at baseline (T0), 3 months (T1), and 6 months (T2) after start of treatment. Mixed effects linear regression models were used
to compare HRQoL between the 2 groups over time.

Results: From the 59 eligible patients for the CAPABLE intervention, 31 (53%) signed informed consent to participate. Baseline
HRQoL was on average 10 points higher in the intervention group compared with controls, although equally matched on baseline
and clinical characteristics. When correcting for sex, age, disease stage, and baseline scores, an adjusted difference in fatigue of
−5.09 (95% CI −15.20 to 5.02, P=.32) at month 3 was found. No significant nor clinically relevant adjusted differences on other
HRQoL domains over time were found. However, information satisfaction was significantly higher in the CAPABLE group
(β=8.71, 95% CI 1.54‐15.88, P=.02).

Conclusions: The intervention showed a limited effect on HRQoL, although there was a small improvement in fatigue at 3
months, as well as information satisfaction. When aiming at personalized patient and survivorship care, further optimization and
prospective investigation of eHealth tools is warranted.

Trial Registration: ClinicalTrials NCT05827289; https://clinicaltrials.gov/study/NCT05827289

International Registered Report Identifier (IRRID): RR2-10.2196/49252

(JMIR Cancer 2025;11:e58938)   doi:10.2196/58938

KEYWORDS

eHealth; melanoma; cancer; fatigue; quality of life; intervention; pilot study; exploratory; health-related; interventions; symptom;
monitoring; well-being; immunotherapy; immune-related; immune-checkpoint inhibitor; patient; feasibility; smartphone; app;
smartwatch; linear regression model; mobile phone

Introduction

Immunotherapy with immune-checkpoint inhibitors (ICIs) and
targeted therapies with BRAF/MEK inhibitors have significantly
improved clinical outcomes for patients with melanoma and
have become standard treatment for patients with high-risk and
advanced disease [1-6]. Nevertheless, these novel systemic
treatments are associated with short- and long-term
(immune-related) adverse events (AEs) [7-10]. Furthermore,
these AEs have shown to affect physical and psychosocial
well-being of patients with melanoma [10-13]. Most prevalent
in patients with melanoma undergoing immunotherapy with
ICIs are cancer-related fatigue (CRF) and emotional distress,
affecting both health-related quality of life (HRQoL) and clinical
outcome to immunotherapy [8,14-16]. Efforts to address CRF
include exercise recommendation, psychosocial support,
mindfulness-based interventions, and yoga, showing positive
effects on fatigue, emotional distress, and HRQoL [14,15,17-23].

Insufficient monitoring and reporting of AEs can exacerbate
side effects, possibly leading to more frequent hospital visits
and admissions [24-26]. Electronic symptom monitoring has
shown to be associated with improved clinical outcomes such
as survival and HRQoL in patients with cancer undergoing
chemotherapy [27-30]. One way to improve patient care in
immunotherapy could therefore involve regularly gathering
patient-reported outcomes (PROs), such as symptom
information, using patient-reported outcome measures (PROMs)
through eHealth tools [31-34]. Furthermore, using biometric
sensors could potentially detect symptoms and track physical
activity in outpatient oncology settings [35,36]. To date,
evidence of the effect of eHealth tools monitoring patients with
melanoma on treatment with ICIs is scarce. One study showed
that an electronic PROMs tool could not reduce the number of
severe AEs, although it did increase HRQoL [34,37].

Health apps have also the potential to fulfill patients’
requirements for information and support, especially concerning

symptom control and supportive services [38,39]. Furthermore,
web-based programs and eHealth apps have incorporated
nonpharmacological well-being interventions, such as promoting
physical exercise, providing psychoeducation,
mindfulness-based interventions, and yoga, to address CRF,
showing encouraging outcomes [40,41]. By providing a
combination of remote symptom monitoring,
nonpharmacological well-being interventions, and information
provision through an eHealth tool, patients believe this will
positively affect their HRQoL and symptom burden [39].

Based on these insights, we previously developed a Cancer
Patients Better Life Experience (CAPABLE) mobile app.
CAPABLE is an extensively tested eHealth app as part of the
EU Horizon 2020 program, designed to offer educational
material, supportive care, remote symptom monitoring, and
well-being interventions [42], initially for patients during and
after ICIs, but open to treatment changes to targeted therapies.
Development involved a user (patient)-centered design process
in order to improve system usability and user acceptance [43].
The aim of this study was to explore the effect of CAPABLE
on patient-reported outcomes, specifically fatigue and other
HRQoL domains, compared with a matched historical control
group receiving standard care [44].

Methods

Setting
The CAPABLE study was a prospective, exploratory, pilot
study in which a cohort that received the CAPABLE smartphone
app and a multisensory smartwatch (intervention) was compared
with a historical prospective cohort that did not receive the
CAPABLE app and smartwatch (control group). CAPABLE
was registered as a medical device trial according to the Medical
Device Regulation, article 62. A detailed description of the
design of the pilot study and the design and development of the
CAPABLE app was published previously [44]. Development
and content was frozen during the trial. The CAPABLE app
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was used in its final operational state for the first time in a trial
setting during this study, although preliminary prototype testing
was done during system development. Briefly, participants
included in the study were provided with the CAPABLE mobile
app and a multisensorial smartwatch (ASUS VivoWatch 5
HC-B0) during the first 6 months of treatment with ICIs. The
mobile app consisted of 3 main components; first, facilitating
symptom and mental well-being monitoring, second, providing
educational material, and finally, providing well-being
interventions through goal setting and demonstrating the
well-being intervention activity through a video or text and
figures. The symptom monitoring functionality was used “as
needed.” When a patient experienced a symptom, they were
able to enter this into the CAPABLE app, upon which the
decision support system managed the symptom [44]. No regular
or static symptom monitoring was prompted by the app;
however, the health care professional (HCP) monitored the
symptom input coming from the patients on a daily basis and
the information was included and discussed in clinical
encounters. The well-being interventions could be executed
from the home environment, and include a 30-minute walk,
deep breathing practice, imagery training, physical activity of
stretching, and strengthening exercises, Hatha Yoga or Nidra
Yoga videos, or Tai Chi practice videos. The smartwatch
collected data on heart rate, sleep (stages, hours, and
performance), and physical activity, although data from the
smartwatch were treated as ancillary data and not used for
real-time symptom monitoring, decision support, or diagnosis.
Over the course of the pilot study, participants were asked to
complete PROMs at 3 time points. Results of the intervention
(CAPABLE) group were compared with participants of 2
previously collected control groups (patient-reported outcomes
in high risk and advanced melanoma patients cohort
[PRO-MEL]; NL75996.031.20 and PROMs collected in clinical
practice), which were 2 similar prospectively collected cohorts
with the same inclusion criteria, but treated following standard
of care and following the same follow-up schedule. PROMs in
clinical practice were collected starting August 2024 and is still
ongoing at the time of study. In addition, the PRO-MEL cohort
was a prospective cohort that started inclusion in May 2021 and
collected additional PROMs, as also collected in the CAPABLE
cohort.

Ethical Considerations
The Medical Ethical Committee NedMec (Amsterdam, the
Netherlands) granted ethical approval (reference
22‐981/NL81970.000.22). The trial was prospectively
registered at ClinicalTrials.gov (NCT05827289). Ethical
approval also included the (secondary) use of data collected in
the PRO-MEL and PROMs in clinical practice cohorts. Privacy
and confidentiality protection was covered in the Medical
Ethical Committee approval by a large data protection impact
assessment. The study has not been amended during the course
of the trial. Compensation to participants was not provided,
except for the temporarily use of the smartphone and smartwatch
used in the study.

Recruitment
During a 6-month inclusion period, from April to October 2023,
participants were recruited through their treating HCP and the
CAPABLE research team recruited in an oncology-specialized
center in Amsterdam, the Netherlands. The target sample for
feasibility end points of this pilot was to include 36 patients,
corresponding to 60 eligible patients and a 60% inclusion and
compliance rate in the inclusion period [44]. Eligible participants
had histologically confirmed stage III or IV melanoma and
planned to start treatment with ICIs (anti–programmed-death 1
with or without anti–cytotoxic T-lymphocyte associated protein
4) according to standard clinical practice. Furthermore,
participants had to be >18 years of age, had a sufficient
understanding of the Dutch language, and were able to use a
smartphone.

Data Collection
Included patients were asked to use the CAPABLE app and
smartwatch for a minimum period of 3 months and a maximum
period of 6 months after start of treatment with ICIs. CAPABLE
installation on mobile phones and baseline measurements took
place after signing informed consent and before or during first
ICI infusion. Research data were collected at baseline (T0), 3
months (T1), and 6 months (T2) after start of treatment by
providing the participants a set of questionnaires. Clinical data
(eg, staging, treatment details, and demographics) were extracted
from the medical record during the study. PROMs data were
stored and managed in ALEA (FormVision) [45]. Data generated
through the CAPABLE app were stored on an internal secured
drive.

To investigate the primary end point of this study, fatigue, the
European Organization for Research and Treatment of Cancer
(EORTC) Quality of Life Questionnaire-Core 30 (QLQ-C30)
was used [46], a questionnaire developed to assess the quality
of life of patients with cancer. Responses to this questionnaire
range from 1 (not at all) to 4 (very much) and are linearly
transformed into a functioning or symptom scale ranging from
0 to 100, with higher scores representing more experienced
symptoms or a higher functioning, respectively. Primarily, the
changes in fatigue over time in the intervention cohort were
compared with the changes in fatigue over time in the control
cohort. The validated fatigue scale of the QLQ-C30 is
constructed out of 3 questions in the QLQ-C30 questionnaire,
“Did you need to rest?”, “Have you felt weak?”, and “Were you
tired?”. To explore secondary outcomes of this study, other
domains of the EORTC QLQ-C30 were investigated
(functioning and other symptom scales), as well as changes
between the CAPABLE and (matched) control group when
looking at the EuroQol 5D (EQ-5D-5L) [47], Functional
Assessment of Cancer Therapy-Melanoma (FACT-M) [48], and
EORTC Quality of Life Questionnaire-Information 25
(QLQ-INFO25) [49].

Feasibility outcomes were investigated throughout the course
of this pilot study by exploring the inclusion and compliance
rate of the CAPABLE app users. Recruitment rate was
calculated as the percentage of patients included in the study
out of the patients screened for eligibility. Patient compliance
was calculated as the percentage of patients completing the
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questionnaires per follow-up moment. Finally, patient retention
was calculated as the percentage of patients adhering to the
CAPABLE mobile app for 6 months (ie, ≥1 interaction with
any of the functionalities within the follow-up period). Patient
engagement with the app was presented by descriptive data on
the use of the symptom reporting and well-being intervention
functionalities. Extensive data collection methods and
corresponding figures and tables are described in the previously
published study protocol [44].

Data Analysis
Patients that completed at least 1 PROM over the course of the
study were included in the final analysis. Because of low
inclusion in the (control cohort) PRO-MEL study, matching
was done on a control group composed of patients from both
the PRO-MEL and PROMs in clinical practice cohort who filled
in the EORTC QLQ-C30, FACT-M, and EQ-5D-5L according
to the same follow-up schedule. Patients in the CAPABLE
cohort were individually matched 1:2 with patients in the control
cohorts based on sex, age, and tumor staging. To compare
information needs (QLQ-INFO25) between the CAPABLE
cohort and controls, no matching was performed, and
comparison consisted of the entire PRO-MEL cohort to increase
statistical power and be able to interpret results.

Descriptive statistics were calculated to provide information
about the patient population, feasibility, and engagement with
the CAPABLE app. For the purpose of this study, mean scores
for fatigue and other QLQ-C30 domains were calculated and
presented according to current guidelines [50]. To compare the
mean fatigue scores and other HRQoL outcomes between the
group receiving the CAPABLE intervention and the control
group at each individual time point, independent sample t tests
were used. To analyze the differences in all outcomes on
different time points between the CAPABLE cohort and
matched controls over time, linear mixed effects models were
used. Statistical models were adjusted for age, sex, tumor stage,
time, and baseline scores (with an interaction term between time
and cohort). A 2-tailed P value<.05 was considered statistically
significant, although P values in this pilot setting were not
powered to provide much information due to the small sample
size. Therefore, this study mostly focused on clinically relevant

differences according to Cocks et al [51]. Similar methods were
used for analyzing the EQ-5D-5L, FACT-M, and QLQ-INFO25.

Missing items from the questionnaires were imputed according
to corresponding EORTC guidelines [50]. The scale scores of
the EORTC QLQ-C30 were set to missing if fewer than half of
the items on a given scale were answered. Where at least 50%
of the relevant scale scores were present, the missing values
were replaced by the mean of the present values. We applied
the same strategy to the other questionnaires as no other
guidelines are available for those. Statistical analyses and
matching procedures were done using Stata version 15
(StataCorp) [52].

Results

Overview
In total, 110 patients were screened for eligibility for the
CAPABLE trial in the 6-month inclusion period (Figure 1).
Main reasons for noneligibility were the start of targeted therapy
instead of ICIs (n=16) or the patient not being invited for
inclusion by the treating physician’s decision (eg, aggressive
disease, comorbidities, symptomatic brain metastasis, low health
literacy, and mentally too demanding; n=17). Eventually, 59
out of 110 (54%) patients were contacted to participate. Most
of the contacted patients who did not return a consent form did
not specify a reason (n=16). Reasons specified for not
participating in the pilot study included privacy concerns (n=2)
and the expectation that the burden would be too high (n=10).
Of the 31 included patients, 1 did not manage to install the
CAPABLE app before T1. A total of 30 patients were taken
into consideration for the statistical analysis, although 2 patients
died due to progressive disease before reaching T2. In total, 297
patients (70 from the PRO-MEL cohort and 227 from the
PROMs in clinical practice cohort) were eligible for individual
matching. This yielded 56 patients that were matched 2:1 to the
CAPABLE cohort. Thus, a group of 86 patients was included
in the analysis of the EORTC QLQ-C30, FACT-M, and
EQ-5D-5L. Since data on the EORTC QLQ-INFO25 were only
available in the PRO-MEL cohort, the entire PRO-MEL cohort
(n=70) was used in the comparison with the CAPABLE group
(n=30) for these secondary end points.
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Figure 1. Cancer Patients Better Life Experience (CAPABLE) study inclusion flowchart.

Both cohorts were equally balanced in terms of age, sex, and
tumor stage, due to matching (Table 1). Median age of the
CAPABLE cohort was 65 (IQR 55‐72) years. Females
represented 61% (19/31) of the included participants, and
approximately half the participants had stage IV disease (17/31,
55%). Most patients received anti-PD1 monotherapy in the

CAPABLE and matched control group (19/31, 61% and 37/56,
66%, respectively). In the matched control group, 21% (12/56)
of patients received targeted therapy after therapy switch,
compared with 7% (2/31) in the CAPABLE group, but this
difference was not statistically significant (P=.07).
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Table . Participants’ clinical characteristics. Not all percentages add up to 100% as multiple patients received multiple treatments. Missing data were
not taken into consideration when calculating the P values.

P valuebControl cohort (n=56)CAPABLEa cohort (n=31)Characteristic

.96Sex, n (%)

22 (39)12 (39)Male

34 (61)19 (61)Female

.9964 (56-71)65 (55-72)Age (years), median (IQR)

.96Tumor stage, n (%)

25 (45)14 (45)III

31 (55)17 (55)IV

Treatment, n (%)

.6637 (66)19 (61)Anti-PD-1c

.7123 (41)14 (45)Anti-CTLA-4d + Anti-PD-1

.8212 (21)6 (19)Radiotherapy

.4223 (41)10 (32)Surgery before ICIse

.0712 (21)2 (7)Targeted therapy

.90Treatment line, n (%)

44 (79)24 (77)1

12 (21)7 (23)>1

aCAPABLE: Cancer Patients Better Life Experience
bP values are based on χ2 tests for group variables and Mann-Whitney test for age.
cPD-1: programmed-death 1.
dCTLA-4: cytotoxic T-lymphocyte associated protein 4.
eICI: immune-checkpoint inhibitor.

Fatigue
The trend in unadjusted fatigue over time was similar between
the CAPABLE group and the matched controls although fatigue
seems to increase less in the CAPABLE cohort (Figure S1 in
Multimedia Appendix 1). A 5-point difference was shown in
baseline fatigue. The CAPABLE group had lower fatigue score
on baseline compared with the matched controls (mean 18.4,
SD 21.7) compared with the matched controls (mean 23.4, SD
19.4; P=.28), increasing to a difference of 8.2 points at month

3 (mean 23.0, SD 25.2 vs mean 31.2, SD 24.1; P=.17) (Table
S1 in Multimedia Appendix 1). When correcting for sex, age,
stage, time, and baseline scores, an adjusted difference in fatigue
of −5.09 (95% CI −15.20 to 5.02; P=.32) for the CAPABLE
group at month 3 was observed (Table 2). Although this result
was not statistically significant, this difference was considered
a small, clinically relevant difference. At month 6, a
nonsignificant and nonclinically relevant difference was shown
between the 2 groups (β=−2.32, 95% CI −12.81 to 8.16; P=.66).
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Table . Adjusted mixed effects linear regression analysis on fatigue as measured by the Quality of Life Questionnaire-Core 30 (QLQ-C30) between
Cancer Patients Better Life Experience (CAPABLE) group and matched controls over time.

Clinical relevanceP valueβ (95% CI)Fatigue

Cohort

——aRefControls

Trivial.71−1.43 (−9.00 to 6.13)CAPABLE

Sex

——RefMale

Trivial.631.31 (−4.06 to 6.68)Female

Trivial.830.03 (−0.22 to 0.27)Age

Stage

——RefStage III

Trivial.89−0.35 (−5.36 to 4.66)Stage IV

Time

——RefBaseline

Small.018.28 (2.38 to 14.18)Month 3

Small.075.60 (−0.34 to 11.54)Month 6

Cohort×time

——RefControls × baseline

Small.32−5.09 (−15.20 to 5.02)CAPABLE × month 3

Trivial.66−2.32 (−12.81 to 8.16)CAPABLE × month 6

— (offset)<.0010.72 (0.58 to 0.85)Baseline score

aNot applicable.

Health-Related and Melanoma-Specific Quality of Life
A significant difference in baseline scores was observed between
the 2 cohorts for most of the HRQoL domains measured by the
EORTC QLQ-C30 (Table S1 in Multimedia Appendix 1). On
all functioning scales except cognitive functioning, the
CAPABLE group reported better function in terms of both
statistical significance and clinical relevance, with mean baseline

differences ranging from 8.5 in social functioning (P=.11) to
12.0 in role functioning (P=.07) (Table S1 in Multimedia
Appendix 1). After adjusting for covariates in multivariable
regression analysis, no statistically significant nor clinically
relevant changes on any of the HRQoL domains were observed
between the CAPABLE group and matched controls at either
month 3 or month 6 follow-up (Table 3).
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Table . Adjusted mixed effects linear regression analyses on different health-related quality of life (HRQoL) outcomes as measured by the European
Organization for Research and Treatment of Cancer (EORTC) Quality of Life Questionnaire-Core 30 (QLQ-C30) between Cancer Patients Better Life
Experience (CAPABLE) group and matched controls over time. Analyses are adjusted for age, sex, stage, and baseline scores.

Clinical relevanceP valueβ (95% CI)aHRQoL subscales

Physical functioning

Trivial.24−4.45 (−11.93 to 3.03)CAPABLE × month 3

Small.11−6.31 (−14.09 to 1.47)CAPABLE × month 6

Role functioning

Trivial.930.55 (−11.88 to 12.99)CAPABLE × month 3

Trivial.56−3.82 (−16.74 to 9.10)CAPABLE × month 6

Emotional functioning

—b.21−5.77 (−14.71 to 3.16)CAPABLE × month 3

—.07−8.41 (−17.63 to 0.80)CAPABLE × month 6

Social functioning

Trivial.73−1.89 (−12.54 to 8.77)CAPABLE × month 3

Trivial.851.09 (−9.95 to 12.13)CAPABLE × month 6

Cognitive functioning

Trivial.940.30 (−7.16 to 7.77)CAPABLE × month 3

Trivial.791.06 (−6.64 to 8.77)CAPABLE × month 6

Insomnia

Trivial.583.65 (−1.68 to 13.93)CAPABLE × month 3

Trivial.900.88 (−12.57 to 14.33)CAPABLE × month 6

Financial difficulties

Small.074.93 (−0.33 to 10.20)CAPABLE × month 3

Small.017.47 (1.99 to 12.95)CAPABLE × month 6

Summary score

—.22−3.37 (−8.78 to 2.04)CAPABLE × month 3

—.681.19 (−4.40 to 6.80)CAPABLE × month 6

aResults presented are adjusted βs coming from interaction between cohort and time. Matched controls at baseline are reference group.
bNot applicable.

Similar baseline differences were observed in melanoma-specific
quality of life as measured by the melanoma subscale (MS) and
melanoma surgery subscale (MSS) of the FACT-M.
Melanoma-specific quality of life showed a significant baseline
difference between the CAPABLE group and matched controls
when looking at both the MS (mean 57.5, SD 5.3 vs mean 50.4,
SD 8.3; P<.001) and the MSS (mean 28.1, SD 4.4 vs mean 22.4,
SD 6.3; P<.001). Mean scores did not change much over time
in both cohorts (Table S3 in Multimedia Appendix 1). When
adjusted for sex, age, tumor stage, time, and baseline scores,
there were also no significant changes in melanoma-specific

quality of life between both cohorts over time (Table 4). Utility
scores of the EQ-5D-5L yielded similar results in terms of mean
scores, and when adjusted for all covariates, no effect of
CAPABLE was seen compared with matched controls (Table
S3 in Multimedia Appendix 1; Table 4). However, HRQoL as
measured by the visual analog scale, was significantly higher
for the CAPABLE cohort compared with the matched controls
on month 3 and month 6 when corrected for sex, age, and stage
of disease (B=10.28, 95% CI 1.45‐19.11, P=.02 and B=11.50,
95% CI 2.08‐20.92, P=.017, respectively).
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Table . Adjusted univariable mixed effects linear regression analyses on different patient reported outcome measures between CAPABLE group and
matched controls. Analyses are adjusted for age, sex, stage, and baseline scores.

P valueβ (95% CI)bHRQoLa subscales

FACT-Mc

MSd (range 0-64)

.43−1.54 (−5.37 to 2.29)CAPABLEe×month 3

.69−0.82 (−4.78 to 3.14)CAPABLE×month 6

MSSf (range 0-32)

.580.91 (−2.34 to 4.17)CAPABLE×month 3

.69−0.68 (−4.00 to 2.64)CAPABLE×month 6

EQ-5D-5L

Utility (range 0-1)

.10−0.05 (−0.11 to 0.01)CAPABLE×month 3

.33−0.03 (−0.10 to 0.03)CAPABLE×month 6

VASg (range 0-100)

.0210.28 (1.45 to 19.11)CAPABLE×month 3

.0211.50 (2.08 to 20.92)CAPABLE×month 6

aHRQoL: health-related quality of life.
bResults presented are adjusted βs coming from interaction between cohort and time. Matched controls at baseline are reference group.
cFACT-M: Functional Assessment of Cancer Therapy-Melanoma.
dMS: melanoma subscale.
eCAPABLE: Cancer Patients Better Life Experience.
fMSS: melanoma surgery subscale.
gVAS: visual analog scale.

Information Needs
Overall, information provision as reported by the EORTC
QLQ-INFO25 was significantly lower in the control cohort on
both baseline and month 6 (Table S4 in Multimedia Appendix

1). When adjusting for age, sex, and baseline scores, no separate
domains showed significant improvements of the CAPABLE
cohort. However, information satisfaction was significantly
higher in the CAPABLE cohort (B=8.71, 95% CI 1.54‐15.88;
P=.02) (Table 5).

Table . Adjusted univariable mixed effects linear regression analyses on information domains between CAPABLE group and PRO-MEL controls.
Analyses are adjusted for age, sex, stage, and baseline scores.

P valueβ (95% CI)Information domainsa

.463.38 (−5.49 to 12.25)Disease

.059.35 (0.22 to 18.48)Medical tests

.711.59 (−6.89 to 10.06)Treatment

.622.46 (−7.28 to 12.19)Other services

.72−2.19 (−14.04 to 9.67)Different places of care

.20−6.12 (−15.54 to 3.30)Things you can do to help yourself

.028.71 (1.54 to 15.88)Satisfaction with information received

.393.69 (−4.77 to 12.14)Overall the information has been helpful

aControls are reference group.

Feasibility
Because of project time constraints, only 31 of the planned 36
patients were included in this study. In total, 59 patients were
eligible for study participation, resulting in a recruitment rate

of 53% in the set period, whereas the planned recruitment rate
for reaching the feasibility end point was 60%. However, patient
compliance and patient retention remained high in the patients
that were included. Patient compliance to the PROMs at baseline
was 98% (30/31), at T1 was 90% (27/30), and at T2 was 79%
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(22/28). Finally, 27 out of 31 (87%) patients adhered to using
the CAPABLE app until at least T1, which dropped to 24
patients (77%) using the app at T2. Furthermore, 2 of those
patients died because of rapidly progressive disease during the
trial. Adherence to smartwatch use was lower with only 43%
(13/30) usage at T2 due to smartwatch issues. In total, 27
individual problems with the CAPABLE app and smartwatch
were reported during the trial, mostly in the first 3 months of
usage. Almost half of patients (14/30, 47%) reported at least 1
problem with the CAPABLE app or one of its functionalities.
The majority of reported problems were related to login issues
(7/20, 35%), smartwatch problems (communication between
app and discomfort of the smartwatch; 8/20, 41%), and problems
with the symptom reporting workflow (3/20, 15%).

Engagement With the System
Concerning the symptom reporting functionality, 18 out of 30
patients have actively used the CAPABLE app and reported at
least 1 distinct symptom or symptom episode (range 1‐7)
(Figure S2 in Multimedia Appendix 1). In total, 20 distinct
immune-related AEs were reported through the CAPABLE app,
with reports of 33 grade 1, 28 grade 2, 17 grade 3, and 3 grade
4 symptoms according to the mapped Common Terminology
Criteria for AEs version 5 (Table S5 in Multimedia Appendix
1). Symptom episodes ranged from 1.5 days for headache to
149.6 days for muscle pain (Table S6 in Multimedia Appendix
1).

Engagement with the well-being interventions was on average
lower than symptoms reporting (Table S7 in Multimedia
Appendix 1). Interventions were not prescribed by HCPs and
were free to use by the patients. The intervention related to
taking a walk was the most often used, with 327 execution times,
reported by 9 distinct patients. Some patients used the other
interventions infrequently. Furthermore, 8 out of 30 patients
used the interventions more than 5 times (range 8‐213).
Interventions that were used infrequently were mainly used
during the first weeks of enrollment, suggesting that the
interventions were tried out at the start of the pilot. The walking
intervention was executed throughout the course of the pilot
study, with more engagement in summer than in fall and winter
(October-December).

Discussion

Principal Findings
The aim of this pilot study was to explore the effect of the
CAPABLE mobile app on patient-reported outcomes,
specifically fatigue, in patients with melanoma starting ICIs,
compared with a historical control group receiving standard
care. Our results showed no significant adjusted differences on
fatigue and other HRQoL domains between the CAPABLE
cohort and matched controls during the first 6 months of
treatment. However, although not statistically significant, we
did find that the CAPABLE cohort reported a smaller relevant
increase in fatigue at month 3 follow-up compared with matched
controls. Furthermore, information satisfaction was significantly
higher in the CAPABLE users. The secondary goal of this study
was to show patients’ acceptance and feasibility of the
CAPABLE app. With an observed recruitment rate of 53%, our

feasibility end point of 60% was not met. A third of the patients
refused to participate because study and questionnaires were
expected to be too burdensome. Furthermore, HCPs did not feel
comfortable including patients in the study because they
expected it to be too burdensome for some patients (based on
oral feedback). Furthermore, technology barriers might have
played a role, as observed in other studies with eHealth apps
[53].

We observed a significant baseline difference in almost all the
HRQoL domains between the CAPABLE cohort and matched
controls, suggesting a selection bias. Although matched on
baseline characteristics, HRQoL domains in the CAPABLE
group are clinically relevantly and significantly higher than in
the matched controls. Therefore, results obtained in the
CAPABLE group could have been influenced by the
phenomenon “regression towards the mean,” as improvement
of HRQoL was almost impossible to achieve [54]. However,
this phenomenon looks like it occurred in all HRQoL domains,
except for fatigue, as we see an improvement only in fatigue
for the CAPABLE cohort, although not statistically significant.
This observation also underscores the importance of including
patients with lower HRQoL in interventions designed to improve
this outcome, for example, by minimizing the expected burden
of participation [55].

Several studies have shown the benefits of eHealth on CRF.
Supporting the small (nonsignificant) difference found in fatigue
in our study, a meta-analysis done on 9 studies showed a
statistically significant beneficial effect of eHealth interventions
on CRF [23]. Furthermore, these eHealth tools were mostly
designed to target CRF solely and did not have the multimodal
aspects of our CAPABLE app. Furthermore, we were not able
to disentangle which specific functionality was responsible for
possible changes in fatigue, or if it was a combination of all
functionalities. In addition, our sample size was not large enough
to provide statistical significance; our pilot study was designed
to provide descriptive statistics and focused largely on clinical
relevance [51].

A similar study in Denmark, with electronic symptom
monitoring carried out in patients with metastatic melanoma
starting treatment with ICIs yielded improved HRQoL in the
intervention group, as measured by the FACT-M and EQ-5D-5L
[34,37], although the differences Tolstrup et al [37] obtained
were also not clinically relevant. The Danish study was a
randomized controlled trial (RCT) and had an active weekly
symptom-monitoring component by their HCP; components of
the trial that could have influenced the results compared with
passive HCP monitoring in our real-world single-arm setting
[56,57].

Information satisfaction was significantly higher in the
CAPABLE cohort compared with the control group. Studies
done on information provision through eHealth tools in the
Dutch cancer care are still conflicting [58]. For example, in an
RCT investigating a web-based eHealth app to support multiple
cancer patient groups, improvement of knowledge was not
reached [59]. However, another study showed that higher
information satisfaction might contribute to patient knowledge
and decision involvement [60]. Therefore, an eHealth tool, such
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as CAPABLE, might still support patient knowledge and shared
decision-making.

Results of our study might have been influenced by barriers
when integrating and implementing eHealth into clinical practic.
Although the CAPABLE system was developed using all
relevant stakeholders, the CAPABLE app was not integrated
in our electronic health record, causing our HCPs to work with
2 different systems, leading to resistance. In-depth results of
user experience and usability research done in HCPs still need
to be analyzed, but verbal feedback suggested this was a large
barrier for monitoring patients with this app. To date, successful
implementation and use of digital health interventions remains
limited worldwide by integration into electronic health records,
impairing the possible positive effect of such interventions [53].
Second, an existing challenge in digital health interventions
research is the recruitment of target populations in need of such
interventions [53,61,62]. Both not reaching our feasibility end
point of 60% and high HRQoL baseline scores (probably
because of selection bias) confirm this challenge. Consequently,
results of this study need to be interpreted with caution and
future research should make more effort into recruitment
strategies including weaker populations, as well as considering
health literacy. Furthermore, efforts are needed to reduce patient
burden in this type of studies, both in terms of intervention as
with research questionnaires, as it is essential to include all
patients with serious health conditions [55].

Limitations
Several limitations of this study need to be considered when
interpreting the results. Our sample size was too small to prove
significant differences on HRQoL outcomes. Because of time
constraints of our project, whose main focus was the design and
development of the system, inclusion period was short and only
31 patients out of the anticipated 36 were included. Second,
most of the control group was collected during the COVID-19
pandemic, which might have influenced HRQoL outcomes in
these patients. However, a study done by van de Poll-Franse et
al [63] showed that the crisis might have affected well-being of
general population more than in that of cancer patients. In
addition, another negative aspect of the COVID-19 pandemic
was related to some delays in the software development for the
CAPABLE eHealth app in an already-restricted project
timeframe, which might have resulted in an increase in app
issues reported by patients. While in-depth usability outcomes
of this study have yet to be analyzed, we observed a relatively
high proportion of technical problems during our study and we
gathered multiple areas of improvement from verbal feedback

from patients, which could have affected the results. Another
limitation of the study was our decision to use a matched
historical control cohort rather than an RCT. An RCT would
have allowed better isolation of the effect of using the app.
However, use of the historical cohort allowed us to recognize
and characterize the participation bias in the intervention
participants. This bias may have contributed to the lack of a
clinically relevant effect in our main outcome.

However, a large strength of this study has been that CAPABLE
was developed with co-design of patients and HCPs, following
user-centered design principles, starting with explorative
interviews and undergoing 3 testing rounds. Furthermore, our
study was conducted in the real-world setting of the pilot trial;
included patients were treated according to clinical practice.
The CAPABLE app was added as a monitoring and coaching
system tool and could intervene in management of patients after
severe symptom reports. Due to the real-world setting of this
trial, results on PROs, feasibility, and engagement with eHealth
might be more generalizable to real-world patients compared
with results found in clinical trials.

Future and larger studies could benefit from including patients
more inclusively in terms of low health literacy and social
economic status. Inclusion criteria should be broadened to
reduce ceiling effects at baseline. Furthermore, the setting of
this pilot study might have played a pivotal role, as we included
patients in a dedicated cancer and melanoma center with a lot
of ongoing clinical trials and other intervention studies and also
standard care including easily accessible specialized nurse
practitioners.

Conclusion
In our small, nonrandomized study we were unable to show that
mobile-based coaching and follow-up affected HRQoL
significantly, although results suggest a small clinical
improvement of fatigue at 3 months follow-up in the app users.
Ceiling effects due to large baseline differences might have
caused the impact of CAPABLE to be negligible for patients
with higher baseline HRQoL. CAPABLE resulted in
significantly higher information satisfaction compared with
controls. Although the feasibility end point of 60% was not met,
adherence to the system was high. Further optimization of
CAPABLE, taking into account patient-related and
technology-related barriers is needed before future investigation
in an RCT and might influence HRQoL end points. Furthermore,
when aiming at personalized patient and survivorship care,
further optimization and prospective investigation of eHealth
tools is warranted.
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Abstract

Background: The rising number of cancer survivors and the shortage of health care professionals challenge the accessibility
of cancer care. Health technologies are necessary for sustaining optimal patient journeys. To understand individuals’ daily lives
during their patient journey, qualitative studies are crucial. However, not all patients wish to share their stories with researchers.

Objective: This study aims to identify and assess patient experiences on a large scale using a novel machine learning–supported
approach, leveraging data from patient forums.

Methods: Forum posts of patients with colorectal cancer (CRC) from the Cancer Survivors Network USA were used as the
data source. Topic modeling, as a part of machine learning, was used to recognize the topic patterns in the posts. Researchers
read the most relevant 50 posts on each topic, dividing them into “home” or “hospital” contexts. A patient community journey
map, derived from patients stories, was developed to visually illustrate our findings. CRC medical doctors and a quality-of-life
expert evaluated the identified topics of patient experience and the map.

Results: Based on 212,107 posts, 37 topics and 10 upper clusters were produced. Dominant clusters included “Daily activities
while living with CRC” (38,782, 18.3%) and “Understanding treatment including alternatives and adjuvant therapy” (31,577,
14.9%). Topics related to the home context had more emotional content compared with the hospital context. The patient community
journey map was constructed based on these findings.

Conclusions: Our study highlighted the diverse concerns and experiences of patients with CRC. The more emotional content
in home context discussions underscores the personal impact of CRC beyond clinical settings. Based on our study, we found that
a machine learning-supported approach is a promising solution to analyze patients’ experiences. The innovative application of
patient community journey mapping provides a unique perspective into the challenges in patients’ daily lives, which is essential
for delivering appropriate support at the right moment.

(JMIR Cancer 2025;11:e58834)   doi:10.2196/58834

KEYWORDS

colorectal cancer; forum; topic modeling; patient journey; patient experience; AI; machine learning; cancer care; cancer survivor;
United States; quality of life; post; topic; artificial intelligence

Introduction

Colorectal cancer (CRC), the third most common cancer in the
Netherlands significantly impacts the health of individuals [1].
Supportive care involves adopting a person-centered care
approach, intending to offer individuals affected by cancer the

essential services required to address their informational,
emotional, social, and physical needs and concerns throughout
the entire patient journey [2,3]. Understanding the needs and
concerns of those affected by this disease during their patient
journey is crucial for improving patient outcomes and quality
of care [4]. Several survey and qualitative studies involving
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CRC survivors offer valuable information about the needs and
perceptions of patients [4-7]. However, these survey- and
qualitative studies are limited by sample size, labor-intensive
processes, and could lead to socially desirable answers [8].
Efforts were made to include vulnerable populations who may
not be accessible through focus groups, ensuring a more
comprehensive understanding of diverse patient perspectives
[9]. In the last decade, patient web forums have emerged as
valuable platforms for individuals to openly share their
experiences and thoughts related to CRC, providing unique
insights into the social, physical, and emotional aspects of their
patient journey [10,11]. These forums offer different opinions
compared with traditional patient experience data collection
methods, such as questionnaires and interviews.

While patient community forums contain a wealth of
information, the analysis of the extensive unstructured data
within these forums poses a considerable challenge [12].
Traditional manual qualitative analysis by human experts is
time-consuming, labor-intensive, and lacks scalability, making
it impractical to analyze the sheer volume of patient-generated
unstructured content. Machine learning techniques offer a
potential solution to address this challenge. This enables the
automated processing and analysis of textual data, allowing for
the efficient extraction and interpretation of large amounts of
patient forum posts [13,14].

Our primary objective is to assess patient experiences using a
novel machine learning–supported approach and data from
patient forums. To achieve this, we used patient community
journey mapping to better understand the experiences throughout
the patient journey [15]. This is a machine learning-driven
approach, that uses web-based patient forums as input data and
is processed through topic modeling. By gaining insights into
these patient experiences, we can shape future patient journeys
such as remote monitoring systems to be aligned with current
patients’ needs.

Methods

Ethical Considerations
Ethical approval was given by the human research ethics
committee of the Delft University of Technology (ID 2596).
Informed consent was not required since the data used in this
study were sourced from publicly available forums, in
accordance with institutional guidelines. The data were accessed
and analyzed in accordance with the terms of service and privacy
policies outlined by the platform hosting the data. As the ethics
committee suggested, all data used in this study were
anonymized by removing all direct and indirect identifiers (eg,
names, location, and user ID) to prevent potential privacy issues
within our data set. Confidentiality was strictly maintained
during data collection, analysis, and reporting to ensure that no
identifiable information was disclosed.

In order to assess patient experiences using machine
learning–driven analysis, this study used systematic data
collection, advanced topic modeling techniqu and cocreation
sessions with domain experts to interpret and validate identified
clusters. The Consolidated Reporting Guidelines for prognostic

and diagnostic machine learning modeling studies checklist can
be found in Multimedia Appendix 1.

Data Source
To enable research, we used forum posts of patients with CRC
scraped from the Cancer Survivors Network USA, an
open-source patient community platform. The web-based
platform provides support, education, and advocacy for patients
affected by CRC that includes current patients, former patients,
families, and caregivers. The posts are written with the intention
of asking questions to peers and health care providers, as well
as forsharing experiences among peers [16]. The initial CRC
discussion thread (ie, main posts, comments, and replies) has
remained active on the public platform since the year 2000. No
distinctions were made between main thread posts and replies
to posts.

The data collection involves 2 main steps: first involves using
Selenium WebDriver to gather the URLs of discussion pages,
and second, using BeautifulSoup to extract data from the HTML
elements while keeping sensitive information secure.

Data Analysis (Topic Modeling)
Information about the personal (health) status of patients, which
could be directly or indirectly identifiable, was excluded from
the analysis. Topic modeling, a machine learning algorithm was
used to recognize patterns in the platform data. Nonnegative
matrix factorization (NMF) was used as a topic modeling
technique to analyze the data set and identify topics with
weighted keywords [17,18]. The number of topics was
determined by evaluating topic coherence scores and model
stability [19,20]. Model stability was assessed using Jaccard
similarity to reduce the overlap of topics. Human evaluation
was used to ensure that the output contains diverse and
distinctive topics, without topics unrelated to patient
experiences. This evaluation was conducted by 4 researchers
to select the number of topics that yield the most diverse and
distinctive clusters.

Interpretation of Data Analysis (Qualitative Analysis)
To comprehend each topic, researchers meticulously read and
analyzed the top 50 most relevant posts and top 20 related
keywords. The most relevant posts and keywords had the highest
dominant topic score identified by the algorithm, indicating
they were most closely associated with the topic. The algorithm
efficiently identified the most relevant posts and keywords
within each topic by using Term Frequency–Inverse Document
Frequency to calculate the importance of each term in relation
to each document [21].

Clusters
The identified topics were grouped into clusters for topics that
revolved around similar concerns. Irrelevant topics (eg, those
related to platform-specific issues) were excluded. The
frequency of discussions on each topic was recorded by counting
the number of posts associated with each topic.

Creation of Patient Community Journey Map
This study uses patient community journey mapping to visually
present the identified patient experience topics. The creation of
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the patient community journey map began with the conduction
of 2 interviews with CRC medical doctors to outline the patient
journey and its distinct phases such as diagnosis and follow-up
of a patient with CRC.

The results of the interpreted topics were deliberated in an
in-person cocreation session involving domain experts [22].
The cocreation session took place in the Erasmus Medical Centre
in March 2023 and lasted 3 hours. The interdisciplinary team
of domain experts reviewed and discussed the outputs
comprehensively. The team comprised 2 oncological surgeons,
2 surgical oncology PhD candidates (MD), and an
epidemiologist with an interest in oncological research. A total
of 3 out of 5 participants have over 20 years of work experience,
indicating a high level of expertise. During the cocreation
session, clusters from the NMF results were interpreted, and
feedback was provided on the generated interpretations. This
process ensured a thorough examination and validation of the
identified clusters within a clinically relevant context. During
this session, the same domain experts also reviewed the patient
community journey map. The identified topics were positioned
on the journey map, with allocation to specific phases of the
patient journey. Distinctions were made regarding whether each
topic was taking place at a “hospital” or “home”setting.

Results

Data
A total of 294,166 posts were extracted from the patient forums
of the Cancer Survivors Network USA. The posts on the website
were created between the year 2000 and 2022. However,
212,107 posts were analyzed, as the remaining 82,059 posts
were excluded through topic modeling.

Topic Modeling
Using NMF topic modeling, the topic coherence score, and
model stability did not provide clear insights as the coherence
score consistently declined. Therefore, human evaluation was
required. Initially, 40 and 50 topics were considered the best

amount of topics. Subsequently, the cut-off of 45 topics was
also reviewed. Ultimately, 50 topics were chosen as the number
that provided the most diverse and distinctive topics. This was
confirmed by examining keywords and the most relevant posts
for each cluster. Additionally, one topic bin identified 82,059
posts as unclassifiable," which could not be categorized into
any of the 50 topics.

Identified Patient Experience Topics and Patient
Community Journey Map
A total of 50 topics were identified with the use of NMF topic
modeling. Thirteen topics were excluded as they were unrelated
to patient experiences, such as platform use and expressions of
gratitude. The data export of the relevant topics is shown in
Table 1. These are the key patient experiences found in our
study.

A total of 10 clusters were derived from 37 topics. The patient
community journey map, shown in Figure 1, serves as a visual
guide to navigate through the nuanced dynamics of patient
experiences.

The topics in the home context have a more emotional content,
as emotionally charged keywords such as “confused,” “bad,”and
“worried” are more often discussed. Conversely, the hospital
context is marked by the clinical terminologies “drug” and
“node.” This reflects the distinct atmospheres characterizing
discussions in different contexts.

The clusters commanding the highest share of posts are “Daily
activities while living with CRC” (38,782, 18.3%) and,
“Understanding treatment including alternatives and adjuvant
therapy” (31,577, 14.9%) underscoring their important role in
shaping the experiences of CRC survivors. Patients expressed
significant concerns about test results, as indicated by the 14.1%
of posts within cluster 4. As shown in Figure 1, “Understanding
treatment including alternatives and adjuvant therapy” is a
cluster that goes through almost the entire journey, while the
“Daily activities while living with colorectal cancer,” is more
in the home context and starts later in the follow-up.
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Table . Overview of the clusters derived from the topics and their keywords.

Number of postsb, nTop 20 keywordsClusters and

topics, (n, %)a (N=212,107)

Cluster 1: Experience around medical professionals’ opinion (9756, 4.6%)

5043‘doctor’, ‘oncologist’, ‘surgeon’,
‘told’, ‘patient’, ‘system’, ‘cell’,

Doubts about treatment options from medical professionals

‘wrong’, ‘reason’, ‘medical’,
‘asked’, ‘office’, ‘immune’, ‘trust’,
‘kill’, ‘testing’, ‘medicine’, ‘appoint-
ment’, ‘clinic’, ‘recommend’

4713‘care’, ‘second’, ‘opinion’, ‘ask’,
‘port’, ‘onc’, ‘put’, ‘taken’, ‘nurse’,

Suggestion to look for a second medical opinion

‘center’, ‘forget’, ‘top’, ‘first’,
‘team’, ‘comfortable’, ‘third’,
‘schedule’, ‘getting’, ‘question’,
‘hospital’

Cluster 2: Understanding treatment including alternatives and adjuvant therapy (31,577, 14.9%)

7854‘answer’, ‘information’, ‘might’,
‘research’, ‘alternative’, ‘therapy’,

Patients share their research about alternative therapy options from websites
and articles

‘study’, ‘perhaps’, ‘available’, ‘pa-
tient’, ‘consider’, ‘website’, ‘based’,
‘benefit’, ‘article’, ‘option’, ‘ap-
proach’, ‘internet’, ‘current’, ‘specif-
ic’

4759‘best’, ‘wish’, ‘wishing’, ‘decision’,
‘health’, ‘possible’, ‘whatever’, ‘fu-

Making treatment decisions for the future with regard to the best outcome
and path

ture’, ‘choice’, ‘outcome’, ‘decide’,
‘path’, ‘upcoming’, ‘regard’, ‘situa-
tion’, ‘advocate’, ‘choose’, ‘action’,
‘simply’, ‘circumstance’

8768‘side’, ‘effect’, ‘drug’, ‘folfox’,
‘round’, ‘cycle’, ‘dose’, ‘vitamin’,

Listing type, side effect, regimen, and effectiveness of drugs

‘week’, ‘oxaliplatin’, ‘avastin’, ‘re-
action’, ‘irinotecan’, ‘affect’, ‘rash’,
‘onc’, ‘cell’, ‘regimen’, ’session’,
‘effective’

3610‘well’, ‘known’, ‘fairly’, ‘usual’,
‘responded’, ‘recall’, ‘crc’, ‘chi-

Sharing experience on using traditional Chinese medicine to manage health

nese’, ‘handling’, ‘version’, ‘correct-
ly’, ‘content’, ‘deserved’, ‘treating’,
‘referring’, ‘nicely’, ‘handled’,
’spelling’, ‘managing’, ‘tolerated’

2854‘congratulation’, ‘definitely’, ‘tried’,
‘experience’, ‘mentioned’, ’sugges-

Share experiences and recommendations for supplements and medication

tion’, ‘type’, ‘helped’, ‘mention’,
‘medication’, ‘interested’, ’speak’,
‘form’, ‘help’, ’suggest’, ‘using’,
’supplement’, ’suggested’, ‘detail’,
‘order’

3732‘new’, ‘find’, ‘look’, ‘looking’,
‘awesome’, ‘forward’, ‘trial’, ’start’,

Sharing information about and experiences regarding clinical trials

‘working’, ’step’, ‘move’, ‘hearing’,
‘hard’, ‘pic’, ‘yet’, ‘clinical’, ‘find-
ing’, ‘meeting’, ‘hopeful’, ‘totally’

Cluster 3: Surgery experience (9540, 4.5%)

4979‘congrats’, ‘procedure’, ’success’,
‘huge’, ‘liver’, ‘proud’, ’shrink’,

Sharing experience around radiofrequency ablation for the liver

‘treat’, ‘entire’, ‘tumor’, ‘ablation’,
‘option’, ‘rfa’, ‘candidate’, ‘loca-
tion’, ’status’, ’shrinkage’, ‘inopera-
ble’, ’surgical’, ‘afterwards’
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Number of postsb, nTop 20 keywordsClusters and

topics, (n, %)a (N=212,107)

4561‘day’, ‘liver’, ‘resection’, ‘mets’,
‘every’, ‘met’, ‘pump’, ‘lung’,
‘ahead’, ‘week’, ‘couple’, ‘follow-
ing’, ‘open’, ‘two’, ‘operation’,
‘followed’, ‘throughout’, ’single’,
‘complication’, ’section’

Sharing negative experience about resection in liver and lung

Cluster 4: Experience regarding the test results (including being worried and confused) ( 29,984, 14.1%)

3873‘like’, ’sound’, ‘wonderful’, ‘plan’,
‘place’, ‘picture’, ’show’, ‘meet’,
‘report’, ‘looked’, ‘absolutely’, ‘re-
ally’, ‘pick’, ‘button’, ‘familiar’,
‘machine’, ‘pretty’, ’smart’, ’silly’,
‘compare’

Sharing negative emotions and experiences to live with colorectal cancer
(CRC): overwhelmed, confused and scared, especially for the tests and
screenings

3210‘great’, ‘result’, ‘idea’, ’scan’,
‘number’, ‘option’, ‘curious’,
‘present’, ‘follow’, ‘considering’,
‘treated’, ‘recurrence’, ‘appendix’,
‘initial’, ‘cea’, ‘mop’, ‘peritoneal’,
‘assuming’, ‘base’, ‘reliable’

Being worried about upcoming scans and results

4293‘year’, ‘month’, ‘ago’, ‘clear’, ‘last’,
‘three’, ‘two’, ‘free’, ’scan’,
‘colonoscopy’, ‘end’, ‘past’, ‘every’,
‘four’, ‘clean’, ‘date’, ’six’, ’safe’,
‘behind’, ‘later’

Share their outcomes (clear or not) from scanning and caring about how
frequently they scan

5048‘everyone’, ‘word’, ‘blood’, ‘test’,
‘kind’, ‘wait’, ‘worry’, ‘fine’,
‘check’, ‘waiting’, ‘count’, ‘nor-
mal’, ‘wanted’, ‘level’, ‘concern’,
‘checked’, ‘else’, ‘low’, ‘high’, ‘ap-
pointment’

Describing a stressful experience in a blood test; worry about the numbers
in the result

13,560’scan’, ‘tumor’, ‘liver’, ‘node’,
‘lung’, ‘removed’, ‘radiation’,
’stage’, ‘lymph’, ’spot’, ’showed’,
’spread’, ’small’, ‘pet’, ‘biopsy’,
‘remove’, ‘mets’, ’surgeon’, ‘recur-
rence’, ‘week’

Being worried and confused about odd scan results in liver, lung, and
lymph

Cluster 5: Experience with side effects (26,152, 12.3%)

8341‘cold’, ‘nausea’, ‘taking’, ‘help’,
‘water’, ‘drink’, ‘warm’, ‘pill’, ‘in-
fusion’, ’sleep’, ‘mouth’, ’sore’,
‘med’, ‘oxy’, ‘gave’, ‘fatigue’,
‘mum’, ‘nasty’, ‘appetite’, ’sleep-
ing’

Sharing their experience on managing the side effects of treatment

5122’stuff’, ‘hair’, ‘funny’, ‘hate’, ‘bad’,
’suck’, ‘lose’, ‘cut’, ‘fall’, ‘wear’,
‘crap’, ‘lost’, ‘really’, ‘made’,
’stand’, ‘head’, ‘weird’, ‘losing’,
’strange’, ‘air’

Negative feelings of hair loss due to cancer treatments

6414‘pain’, ‘control’, ‘nothing’, ‘relief’,
‘med’, ‘bowel’, ‘issue’, ‘breath’,
‘walking’, ‘walk’, ’scar’, ‘deep’,
‘kidney’, ‘causing’, ‘blockage’,
‘problem’, ‘intestine’, ‘tube’, ‘hospi-
tal’, ‘hernia’

Feeling uncomfortable due to the obstipation
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Number of postsb, nTop 20 keywordsClusters and

topics, (n, %)a (N=212,107)

6275‘hand’, ‘foot’, ‘hurt’, ‘neuropathy’,
‘bone’, ‘worse’, ‘arm’, ‘pain’,
‘caused’, ‘leg’, ‘left’, ‘painful’,
‘problem’, ‘experienced’, ‘damage’,
‘nerve’, ‘cause’, ‘related’, ’shoul-
der’, ’symptom’

Experiencing pain and numbness due to neuropathy

Cluster 6: Confusion with insurance (7912, 3.7%)

7912‘insurance’, ‘really’, ’sent’, ‘email’,
‘needed’, ‘pay’, ‘company’, ‘mon-
ey’, ’state’, ‘phone’, ‘cost’, ‘card’,
‘mail’, ‘received’, ‘hospital’, ‘ad-
dress’, ‘cover’, ‘attention’, ‘letter’,
’service’

Confusion about insurance coverage

Cluster 7: Experience during recovery phase (8632, 4.1%)

5010‘time’, ‘took’, ‘full’, ‘week’, ’short’,
‘last’, ’shot’, ‘infection’, ‘heal’,
‘ended’, ‘went’, ‘due’, ‘drop’, ‘peri-
od’, ’several’, ’stopped’, ‘hospital’,
’started’, ‘kept’, ‘taking’

Describing negative experience of repeated visits to the hospital

3622‘way’, ‘positive’, ’sending’, ‘com-
ing’, ‘along’, ‘vibe’, ‘healing’, ‘en-
ergy’, ‘half’, ‘begin’, ‘rid’, ‘im-
prove’, ‘ton’, ‘complete’, ‘outlook’,
‘faster’, ‘headed’, ‘toward’, ‘im-
proved’, ‘adjustment’

Staying positive and making life adjustments to their cancer circumstances
during the recovery phase

Cluster 8: Mindset-related attitude living with CRC (26,379, 12.4%)

6332‘going’, ‘time’, ’sometimes’,
‘enough’, ‘trying’, ‘probably’,
‘part’, ‘really’, ‘actually’, ‘course’,
‘change’, ‘either’, ‘pretty’, ‘differ-
ent’, ‘body’, ‘point’, ‘never’, ‘hard’,
‘anyway’, ‘whole’

Difficulties to adjust and adapt to their lives with CRC

4449‘always’, ’stay’, ‘remember’,
‘away’, ‘week’, ‘next’, ‘cry’,
‘laugh’, ’sense’, ’strong’, ‘forever’,
‘matter’, ‘extra’, ‘humor’, ’staying’,
‘never’, ‘whenever’, ‘hero’, ’sweet-
ie’, ‘corner’

Sharing how patients can be resilient and positive

4520‘feel’, ‘better’, ‘feeling’, ’soon’,
‘hopefully’, ‘getting’, ’sick’, ‘felt’,
‘tired’, ‘real’, ‘making’, ‘really’,
’starting’, ‘bad’, ’stronger’, ‘gotten’,
’start’, ‘expected’, ‘weak’, ‘normal’

Sharing their feelings: sick, tired, weak, and bad

5451‘life’, ‘live’, ‘mean’, ‘understand’,
‘people’, ‘important’, ‘living’,
‘world’, ‘fear’, ‘time’, ‘become’,
‘realize’, ‘death’, ‘die’, ‘quality’,
‘learn’, ‘focus’, ‘illness’, ‘save’,
‘allow’

Sharing their positive philosophical thoughts about living with cancer

5627’story’, ‘old’, ’survivor’, ‘disease’,
‘folk’, ’site’, ‘year’, ‘member’,
‘cure’, ‘people’, ‘recently’, ‘person-
al’, ‘passed’, ‘woman’, ‘remission’,
‘given’, ’survival’, ‘grateful’,
‘alive’, ‘lived’

Survivors sharing their attitudes towards living with cancer along with
survival rate

Cluster 9: Interaction with family and friends (23,393, 11%)

JMIR Cancer 2025 | vol. 11 | e58834 | p.523https://cancer.jmir.org/2025/1/e58834
(page number not for citation purposes)

Voigt et alJMIR CANCER

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Number of postsb, nTop 20 keywordsClusters and

topics, (n, %)a (N=212,107)

4798‘husband’, ‘heart’, ‘face’, ‘eye’,
‘hold’, ‘head’, ‘tear’, ‘dog’, ’stop’,
‘brought’, ‘hell’, ‘front’, ‘putting’,
‘child’, ’soul’, ‘biggest’, ‘attack’,
‘mad’, ‘horse’, ‘men’

Family members’emotional struggle about having a cancer patient in their
family

4062‘got’, ‘friend’, ‘heard’, ‘name’,
‘room’, ’semi’, ‘never’, ‘bunch’,
‘forgot’, ‘hot’, ‘blue’, ‘chat’, ’sur-
prise’, ‘joke’, ‘facebook’, ‘picked’,
‘neighbor’, ‘girlfriend’, ‘Canadian’,
‘everywhere’

Experience regarding relationships with friends while having cancer

3189‘thinking’, ‘today’, ‘family’, ‘any-
one’, ‘call’, ‘wondering’, ’sister’,
‘called’, ‘brother’, ‘visit’, ‘yester-
day’, ‘talk’, ‘close’, ‘else’, ’sign’,
‘talking’, ‘law’, ‘wanted’, ‘con-
cerned’, ‘appt’

Sharing changes in their family relationship due to cancer journey

5273‘mom’, ‘dad’, ‘agree’, ‘mother’,
‘age’, ‘never’, ‘worried’, ‘father’,
‘stage’, ‘breast’, ‘symptom’, ‘died’,
‘diagnosed’, ‘yr’, ‘turned’, ‘happen’,
‘parent’, ‘told’, ‘tested’, ‘child’

Being worried about their family members and seeking information on
family history (eg, genetic testing)

6071‘night’, ‘wife’, ‘daughter’, ‘kid’,
‘hour’, ‘beautiful’, ‘morning’, ‘to-
gether’, ‘friday’, ‘every’, ‘minute’,
‘day’, ‘moment’, ‘late’, ‘last’, ‘bed’,
‘home’, ‘thursday’, ‘gift’, ‘time’

Arguing the importance to spend moments with family members during
the cancer journey

Cluster 10: Daily activities while living with the CRC (38,782, 18.3%)

9910‘eat’, ‘food’, ‘cheer’, ‘diet’, ‘eating’,
‘juice’, ‘sugar’, ‘juicing’, ‘favorite’,
‘fruit’, ‘glass’, ‘perfect’, ‘dream’,
‘green’, ‘drink’, ‘red’, ‘wine’,
‘meat’, ‘coffee’, ‘heck’

Sharing suggestions on diets focused on balanced meals and healthy alter-
natives

8418‘bag’, ‘problem’, ‘add’, ‘colosto-
my’, ‘used’, ‘daily’, ‘ostomy’,
‘twice’, ‘radiation’, ‘reversal’,
‘bathroom’, ‘ileostomy’, ‘skin’, ‘di-
arrhea’, ‘prep’, ‘stool’, ‘stoma’,
‘rectum’, ‘careful’, ‘bowel’

Suggesting how to take good care of a stoma.

5460‘back’, ‘came’, ‘weight’, ‘exercise’,
‘return’, ‘set’, ‘running’, ‘self’,
‘track’, ‘pound’, ‘door’, ‘gain’,
‘lost’, ‘lb’, ‘fit’, ‘buzzard’, ‘sit’,
‘key’, ‘floor’, ‘put’

Sharing experience on being fit again, caring about weight control

6949‘going’, ‘enjoy’, ‘weekend’, ‘fun’,
‘trip’, ‘ready’, ‘tonight’, ‘vacation’,
‘game’, ‘watch’, ‘party’, ‘drive’,
‘house’, ‘weather’, ‘excited’, ‘car’,
‘town’, ‘near’, ‘planning’, ‘movie’

Sharing ways to stay in a positive mood through planning for distractions

8045‘happy’, ‘birthday’, ‘dance’, ‘holi-
day’, ‘healthy’, ‘yea’, ‘anniversary’,
‘thanksgiving’, ‘naked’, ‘celebrat-
ing’, ‘celebration’, ‘filled’, ‘happi-
ness’, ‘raise’, ‘dancing’, ‘cake’,
‘spongebob’, ‘ending’, ‘celebrated’,
‘scouty’

Celebrating anniversaries and birthdays for patients as a big milestone of
their lives

aNumber of topics in each cluster.
bNumber of posts related to the topic group.
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Figure 1. Community journey map of patients with colorectal cancer. CEA: carcinoembryonic antigen; CT: computed tomography; GP: general
practitioner; RFA: radiofrequency ablation.

Discussion

Principal Findings
This study delves into the daily experiences of patients using
data from a web-based platform, applying topic modeling as a
tool to efficiently analyze and interpret large volumes of
patient-driven daily life experience data. We analyze patient
experiences (eg, struggles, tips, and coping strategies) reported
on a platform to better understand patient needs. This
understanding of patients’needs has positive potential for future
care path development such as information provision or
psychosocial support in remote patient monitoring. The use of
machine learning techniques in analyzing qualitative data holds
significant promise to improve various aspects of health care.
This includes optimizing patient care, by using advanced
methods such as using symptom checkers to guide patients to
the most suitable care journeys and support disease diagnosis.
This approach will ultimately lead to patient-centered care to
support and empower patients.

The identified clusters in this study align with findings from
previous qualitative and survey research, emphasizing the
potential to optimize the use of machine learning in qualitative

studies of health care in the years to come [4,23]. Based on our
analysis, it becomes evident that patients exhibit a notable
interest in actively participating in discussions with other CRC
survivors to exchange experiences regarding the daily challenges
of living with CRC. This underscores the crucial role of social
support and the dissemination of pragmatic, day-to-day coping
strategies within the broader patient community. This theme
aligns with observations from a systematic review detailing the
experiences of CRC survivors, where the significance of coping
and addressing functional limitations emerged as a central theme
[23].

The cluster with the highest share of posts (cluster 10; 38,782,
18.3%) revolves around the challenges associated with resuming
daily activities while living with CRC. This substantial volume
of posts highlights the significant impact of this particular aspect
on the experiences of CRC survivors, as well as the needed
change in patients’mindset (cluster 8; 26,379/212,1087, 12.4%).
The systematic review of survivorship experiences further
supports these findings [23]. The alignment between these
dominant themes in the posts and the insights from the
qualitative literature underscores the robustness of our findings
[24]. These findings emphasize the importance of integrating
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comprehensive support mechanisms to facilitate the successful
reintegration of patients into their daily lives.

On the platform, patients frequently engage in discussions
centered around understanding treatment options (cluster 2;
31,577, 14.9%), highlighting its significance as a key topic.
This observation aligns with the qualitative study conducted by
van Deursen et al [4], where participants similarly emphasized
the need for more information regarding their treatment. It is
noteworthy that patients on the platform also frequently express
concerns regarding test results (cluster 4; 29,984, 14.1%). This
anxiety and fear of recurrence are recognized as common
concerns among cancer survivors [25], highlighting the potential
to offer valuable support in addressing this. Additionally, the
positive outcomes associated with the interaction with family,
as reported in the systematic review [23], further underscore
the importance of familial support within the context of patient
experiences in our findings [26].

A novel finding from our analysis was the open expression of
patients’ sentiments regarding the opinions of medical
professionals (cluster 1; 9756, 4.6%). Not completely surprising
as this is possibly due to the reluctance of patients to express
negative feelings in a setting where researchers are present, such
as focus groups or interviews. Furthermore, qualitative studies
primarily concentrate on the follow-up phase, excluding
discussions on the experiences of surgery and the subsequent
recovery phase. These aspects might provide valuable insights
into the comprehensive journey of patients.

The Added Value of Machine Learning to Support the
Understanding of Patient Experiences
To reflect on our approach, topic modeling allows extraction
from a vast pool of large-scale patient data. The alignment of
our study with existing literature is indeed promising.
Additionally, topic modeling offers a novel approach by sparing
patients the burden of active participation in qualitative studies.
Rather than focusing on a single aspect, as is often the case in
conventional studies, this method presents a broader spectrum
of patient experiences beyond specific questions from
researchers. Notably, topic modeling relies on patient-driven
data, in contrast to a physician-driven approach. This method’s
replicability allows seamless comparisons between various
medical conditions. This not only contributes to a more
extensive comprehension of diverse experiences but also
facilitates the identification of commonalities and distinctions
of different medical conditions. For example, we explored the
present method with patients with pulmonary fibrosis and found
comparable experiences to those with CRC, their increased
focus on treatment options highlights the distinctive challenges
inherent to their specific condition (unpublished data). Given
the large data sets on forums, we can quantify patients’
experiences with the implementation of topic modeling. This
complements the challenges of focus groups and interviews,
where the ability to quantify and prioritize findings is limited.
As patients’ experiences change throughout their journey, the
simplicity of using topic modeling remains a flexible and
efficient approach for understanding patients’ experiences and
priorities in the era of remote monitoring [27]. It offers a

convenient and adaptable method, without burdening patients
[28].

Limitations
Using stories from patients who prefer to share their experiences
on a digital platform introduces a risk of selection bias. It is
essential to address the potential overexpression of emotion in
our findings as the platform primarily captures narratives from
individuals who are willing to share their experiences on the
web. However, it should be recognized that these individuals
represent the intended user group for new care path
developments such as remote monitoring support approaches.
Patients who are not feeling well, patients who do not have
access to the internet, or reserved patients may be less inclined
to engage in web-based discussions and might be
underrepresented [29]. To complement this, in previous research,
we conducted interviews with vulnerable patient populations
to ensure their perspectives were included in our understanding
of patient experiences [9]. Similar themes such as the need for
information provision, concerns about test results, and
challenges in reintegrating into daily life were found in this
study. Additionally, our approach demands a significant
investment of human labor and time to interpret the meaning
of topics after generating groups of topics. Thus, exploring
another artificial intelligence technique to interpret patient
experiences is a promising direction. As an example, a large
language model, a pretrained model, can be used to interpret
and summarize large quantity textual data [30]. The use of
machine learning, even in the part where we used human
experts’ knowledge, is a promising area to labor-effectively
understand the patients’ experience while having the least
safeguarding support of human validation. Another limitation
is the lack of direct involvement of patients with CRC in the
co-design or review of the map. We plan to address this in the
future as this can provide valuable insights. However, the
primary purpose of this method is to enhance the methodology
while minimizing the burden on patients. To overcome this
limitation, we sought input from highly experienced medical
professionals’ perspectives. Three of these experts possessed
more than 20 years of medical and research experience,
specifically with patients with CRC.

In future research, efforts should be directed towards further
refining machine learning techniques with the ultimate aim of
minimizing or eliminating the need for human involvement, as
this will enable more frequent monitoring of patient experiences
and thereby facilitate responsiveness to those experiences.
Addressing the nuanced interpretation of emotions in patients
remains a challenge for artificial intelligence systems. A
promising direction is the automatic interpretation of
patient-reported outcome measures using machine learning and
NLP. Patient-reported outcome measures offer structured data
that can improve AI’s ability to understand emotional nuances.
This approach aims to improve remote patient monitoring,
reduce the burden on health care professionals, and identify
those who face psychosocial challenges [31]. This approach not
only empowers patients in managing their health but also leads
to a proactive and personalized approach.
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In conclusion, topic modeling and the use of patient forum data
offer a robust and efficient approach to understanding patients’
experiences in their daily lives. This approach reveals the
challenges patients encounter in their daily life such as getting
back to daily activities and the need for understanding their
treatment. This study not only provides a comprehensive
overview of patient experiences through web-based platforms
but also highlights the potential for improving patient monitoring

systems. This machine learning technique of identifying patient
experiences contributes to a more efficient way of building
value-based health care. By integrating these insights into the
development of remote monitoring solutions, a patient-centered
approach can be created that not only addresses medical
concerns but also caters to the broader spectrum of challenges
individuals face in their daily lives.
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Abstract

Background: Survivorship care plans (SCPs), ie, personalized health care plans for cancer survivors, can be used to support
the growing group of melanoma survivors throughout their disease trajectory. However, implementation and effectiveness of
SCPs are suboptimal and could benefit from the involvement of stakeholders in developing a user-centered design.

Objective: The aim of this study was to identify the ideal SCP for patients with melanoma in terms of functions and features
to be included according to different stakeholders and to explore their underlying motives.

Methods: In total, 3 cocreation sessions were organized with mixed samples of stakeholders, ie, patients with (a history of)
melanoma (n=4), health care providers (HCPs) active in melanoma care (n=3), and IT specialists active in hospital IT departments
(n=6). They were invited to compose their ideal melanoma SCP based on potential functions and features identified from prior
qualitative research. These functions and features belonged to one of the four main categories of survivorship care (SSC): (1)
information and education, (2) identification and treatment, (3) oncological follow-up, and (4) coordination. Participants were
invited to explain their motives for including functions and features. Ideas were shared between stakeholders, and interaction was
promoted. Descriptive statistics were used to determine the ideal SCP per stakeholder group. To analyze underlying motives, all
cocreation sessions were audio-taped, transcribed verbatim, and analyzed in a thematic content analysis.

Results: With regard to their ideal SCPs, all stakeholders added functions from all 4 SSC categories. Patients assembled a rather
compact SCP with category 2 on identification and treatment being most important. Both HCPs and IT professionals constructed
a somewhat larger SCP, with category 3 on oncological follow-up being the most important aspect and HCPs also focusing on
category 4 on coordination. As for the motives behind their ideal SCP compositions, patients predominantly added functions
based on their personal experiences or experiences from fellow patients, whereas both HCPS and IT professionals based their
compositions primarily on their respective areas of expertise: HCPs related their additions to their roles as medical practitioners;
for example, in providing a complete treatment plan and obtaining informed consent, while IT professionals’ contributions were
mainly influenced by feasibility and privacy concerns.

Conclusions: This cocreation study provides insights into stakeholders’ ideal melanoma SCP and the motivations behind them.
Considering the diversity in both the preferences and underlying motives regarding SCP composition between patients, HCPs,
and IT specialists, it is crucial to develop a broad SCP that extends beyond traditional SCP content, emphasizing personalization.
In addition to continued stakeholder involvement, efforts should be focused on addressing potential feasibility and privacy issues
to ensure the SCP meets both patients’ and HCPs’ needs.

(JMIR Cancer 2025;11:e55746)   doi:10.2196/55746
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Introduction

In recent years, the prognosis of melanoma, one of the most
aggressive forms of skin cancer, has significantly improved due
to advancements in innovative treatments such as
immunotherapy and targeted therapy [1]. With an estimated
worldwide total of 325,000 new cases in 2022, increasing to an
expected total of 510,000 new cases in 2040 [2], this results in
an expanding cohort of melanoma survivors, ie, individuals
living with or beyond melanoma [3]. To ensure that patients
get the necessary support throughout their treatment trajectory
and assist them in resuming life thereafter, it is important to
provide them with effective survivorship care (SSC) [4].

SSC can be divided into four main categories [4,5], namely (1)
information and education, (2) identification and treatment, (3)
oncological follow-up, and (4) coordination (Textbox 1 [4,5]).
Survivorship care plans (SCPs), personalized health care plans
for cancer survivors, have an important role in the delivery of
SSC, traditionally mainly regarding categories 1 and 3 of SSC
(Textbox 1) [4]. However, notwithstanding their potential benefit
for both patients and health care providers (HCPs) and the
recommendation of their use in clinical guidelines, the present
implementation and effectiveness of SCPs seem to be
suboptimal [6-8]. Until now, most SCPs have been static,
paper-based documents, while patients have shown a preference
for dynamic, electronically accessible formats that permit
alterations and accessibility for all stakeholders [8].
Personalization, an essential element of SCPs, has often been
overlooked, despite evidence emphasizing the importance of
tailoring SCPs to accommodate the diverse information needs
among patients [9]. However, these findings are mostly based

on evaluations of the SCP subsequent to its implementation and
based on the feedback of 1 single type of stakeholder. Indeed,
while stakeholder engagement seems critical for effective
implementation [10], involvement of key stakeholders like
patients and HCPs during SCP development has been limited
until present [8,11]. The specific needs of patients with
melanoma and their HCPs regarding the content of melanoma
SCPs have been explored previously [12], which showed that
while both stressed the importance of adequate information
throughout the disease trajectory and personal oncological
follow-up, different opinions existed regarding psychosocial
support and coordination of care. However, the reasons why
they consider these elements important and why their opinions
differ remain unknown. Thus far, only the needs of users have
been investigated, with developers’ perspectives yet to be
examined, even though this could provide valuable insights into
the feasibility of desired content.

An approach to integrating the diverse perspectives of all
stakeholder groups, ie, patients, HCPs, and IT professionals
(future developers), is to engage them in a cocreation process
[13,14] that encourages their direct involvement in SCP
development. Cocreation allows stakeholders to be active
partners in the development of innovations, as opposed to
objects of study, resulting in products and services that people
want and need [15,16]. Therefore, the objective of this study is
to investigate the ideal SCP in terms of functions and features
to be included per stakeholder group and to explore the
motivations behind these preferences through a cocreation
process. The findings of this study will serve as a basis to design
a user-centered, practically feasible SCP that is tailored to the
needs of stakeholders and thereby more easily integrated in
clinical practice.

Textbox 1. The 4 main categories of survivorship care.

• Information and education about the disease, its treatment, and the possible early and late effects.

• Identification and treatment of the disease and therapy effects on all possible domains (ie, physical and psychosocial, including work- and
insurance-related).

• Oncologic follow-up with surveillance for cancer progression, recurrences or second cancers.

• Coordination between all health care providers involved in the care process, to make sure the survivor’s health needs are met.

Methods

Setting
This study was part of a regional project in which a digital and
personalized melanoma SCP will be developed that will be
linked to the patients’ electronic health record and provided to
patients from diagnosis onwards to help them deal with all
disease and treatment-related impacts [17,18]. This project takes
place in the region Rijnmond, the Netherlands, and forms a
collaboration between 1 academic (Erasmus Medical Center)
and 3 non-academic hospitals (Albert Schweitzer Hospital,
Francicus Gasthuis & Vlietland, and Maasstad Hospital), in
which, like internationally [7], SCPs are not yet routinely

provided [6]. The project consists of multiple phases—from
needs assessment to implementation—in which cocreation is
used to develop an SCP that is adapted to all stakeholders’needs
[13].

Study Design
In this study, qualitative research methods in terms of cocreation
sessions were used to gain an in-depth understanding of the
preferences of all stakeholders involved [19]. Conducting
cocreation sessions allows both the end users, ie, patients and
HCPs and developers, ie, IT specialists, to collaborate in the
SCP design process to reduce the gap between research and
implementation [13,14].
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The COREQ (Consolidated Criteria for Reporting Qualitative
Research) guidelines [20] were used in reporting this qualitative
study.

Participants and Recruitment
Eligible participants were patients with (a history of) cutaneous
stage I-IV melanoma; HCPs involved in both primary,
secondary, and tertiary melanoma care such as dermatologists,
oncologists, surgeons, general practitioners, and nurse
practitioners; and hospital-based IT professionals, for example,
those working in organizational aspects of IT in health care and
eHealth (future developers of the SCP). We aimed to recruit an
equal number of patients, HCPs, and IT professionals to ensure
a balanced cocreation session in terms of perspectives to be
included and to explore the motives in these perspectives. All
patients had to be treated in and therefore under follow-up in,
and both HCPs and IT professionals had to be affiliated with
one of the 4 participating hospitals. To select participants, first
patients and HCPs that participated in prior qualitative research
and/or had given consent to be contacted (again) for participation
in a follow-up study were invited to participate. IT professionals
as well as the remaining patients and HCPs were approached
through the professional networks of the researchers. All
potential participants received information about the study by
email or by phone. Our aim was to recruit ±15 participants, in
which we follow prior research (eg, Vandekerckhove et al [21]).
In the end, 19 participants signed up, and based on their
availability and eventual willingness to participate, a total of 3
mixed cocreation sessions with 4-5 participants were organized,
with a total of 4 patients, 3 HCPs, and 6 IT specialists. No
financial compensation was given for participation.

Cocreation Sessions
Input for the cocreation sessions was based on prior in-depth
qualitative research, in which SSC needs of a total of 50 patients
with stage I-IV melanoma and 24 HCPs were explored [6,17,18].
In total, 23 interview- and 8 focus group transcripts were
re-analyzed for the purpose of this study using Nvivo version
12/R1, to identify potential functions and features of a melanoma
SCP. Functions represent the overarching areas in which support
can be provided, while features are tools to deliver that support.
First, all transcripts were coded to identify patients’ and HCPs’
needs regarding SSC (including SCPs) by 2 researchers (JB, a
female medical master student and a female health care
management master student), which was then checked and
complemented by 2 other researchers (NK, a female medical
doctor, and KT, a female academic researcher in health care
innovation and cocreation). The resulting SSC needs were
reformulated as 44 potential features of an SCP by the research
team (first reformulation by JB and a female health management
student, under supervision of NK and KT, which was then
discussed in the multidisciplinary research team including NK,
ML, JB, KT, and a medical student until consensus was
reached). Subsequently, an exploratory literature review was
conducted to assess completeness, which did not reveal any
new features. Subsequently, the features were structured
according to the 4 main categories of SSC [4,5], as presented
in Textbox 1, and further divided into 14 potential functions.
Using this classification, the 44 potential features of a melanoma

SCP were presented to the participants of the cocreation sessions
(see Multimedia Appendix 1).

As a result of the national restrictions placed in response to the
COVID-19 crisis, the 3 cocreation sessions were held online
via Zoom in May 2021. All sessions took approximately 90
minutes and were moderated by JB and NK (experienced in
moderating group discussions) and a health care management
student, who were all not directly involved in melanoma care.

During the cocreation sessions, a PowerPoint presentation was
used to present potential functions and features, and participants
were invited to individually create their “ideal SCP” by placing
their preferred features in a box. Subsequently, participants had
a plenary, semistructured discussion in which they were
encouraged to share their ideas about the ideal SCPs by sharing
their screens. They were invited to elaborate on their motives
for (not) including certain functions and features, and
discussions arose. At the end of the sessions, the moderators
questioned the participants about under-discussed features. All
cocreation sessions were audio-taped, and participants were
invited to hand in their filled-in sheets.

Data Analysis
All 3 audio-recordings were transcribed verbatim in anonymized
form and were analyzed using Nvivo version 12/R1. Descriptive
analyses were used, using Microsoft Excel, to determine the
ideal SCPs of the different stakeholder groups based on the
filled-in PowerPoint sheets and on comments they made during
the sessions. For each function and feature, it was determined
by how many percent of the participants they were included.
Subsequently, all functions were categorized into “top,”
“medium to high,” “low to medium,” or “no priority” based on
the following criteria: 100% of respondents adding the function
to their ideal SCP was defined as “top priority,” 50%-99% as
“medium to high priority,” 1%-49% as “low to medium
priority,” and 0% of respondents adding the function to their
ideal SCP was defined as “no priority”; see also Figure 1. Based
on this figure, we then described the ideal SCP par stakeholder
group and the similarities and differences between them.

Second, underlying motivations of all participants for including
functions and features in their ideal melanoma SCPs were
analyzed in a thematic content analysis [22]. As a first step of
the analysis, all transcripts were coded based on the functions
and features within the 4 main categories of SSC, as previously
mentioned (Textbox 1), by 2 researchers (JB and a health care
management master student). This was checked and
complemented by a third researcher (medical master student).
Next, within these categories, underlying motives for composing
the ideal SCPs were explored. Motives of each stakeholder
group to include (or exclude) a specific function or feature in
the SCP were openly coded by one researcher (JB), which was
checked and complemented by a second researcher (NK). The
next phase of analysis consisted of axial coding, in which the
open codes were clustered in concept motives and links between
motives and stakeholder groups were made in order to
investigate the differences and resemblances between the ideal
SCPs for patients, HCPs, and IT specialists. The resulting
overview was discussed within the multidisciplinary research
team until consensus was reached (JB, NK, ML, and KT).
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Figure 1. Overview of composed ideal SCP per stakeholder group in terms of functions added per main category of SSC. For an overview of all

functions, including their corresponding features, see Multimedia Appendix 1. aInformation about and referral to reliable and up-to-date information
and tools regarding this topic. HCP: health care provider; SCP: survivorship care plan; SSC: survivorship care.

Ethical Considerations
This cocreation study was part of a larger project, of which the
study protocol was submitted to, and approved by, the Medical
Ethics Committee Erasmus MC. After reviewing the protocol,
the committee concluded that the Medical Research Involving
Human Subjects Act (Dutch abbreviation: WMO) did not apply
to this study (MEC-2020-0197). Written informed consent was
obtained from all participants involved in the cocreation sessions
and they were informed that they could withdraw at any point

during the study. Participants did not receive any compensation
for participation in this study.

Results

Participant Characteristics
The characteristics of the 13 participants in the cocreation
sessions as well as the compositions of all 3 sessions can be
found in Table 1.
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Table 1. Characteristics of participants per cocreation session.

Care settingExperience or expertiseStakeholderGenderParticipant

Session 1

Secondary or tertiary careMelanoma stage IVPatientFemale1

Tertiary careAssistant professor in organizing as-
pects of IT in health care

IT professionalFemale2

Tertiary careInformation management and IT advi-
sor

IT professionalMale3

Secondary careClinical informatician and data protec-

tion officera
IT professionalFemale4

Session 2

Primary careGeneral practitionerHealth care professionalMale5

Secondary careInformation manager in research and
innovation

IT professionalFemale6

Secondary careClinical informatician: information ad-
visor and architect, (application) imple-
mentation lead

IT professionalFemale7

Secondary careMelanoma stage I/IIPatientMale8

Session 3

Tertiary careOncological surgeonHealth care professionalFemale9

Secondary careOncological nurse practitionerHealth care professionalFemale10

Tertiary careInformation managerIT professionalFemale11

Secondary or tertiary careMelanoma stage IVPatientMale12

Secondary or tertiary careMelanoma stage IVPatientMale13

aHaving a partner with melanoma.

Ideal SCPs and Underlying Motives
In Figure 1, an overview is provided of the composed ideal
SCPs per stakeholder group, followed by an in-depth description
of their underlying motives for (not) including certain functions
and features. All results are discussed per category of SSC
(Textbox 1), and all motives are provided from the participants’
perspectives.

Ideal SCPs
Overall, patients assembled the smallest SCP; for them, fewer
functions were of medium to high, or top priority compared to
the other 2 stakeholder groups. For patients, category 2 focusing
on identification and treatment was most important. They
primarily included general information and support for
themselves, tips on how to inform their relatives, and
information about (tools for) detecting recurrences. On the other
hand, both HCPs and IT professionals constructed a somewhat
larger SCP with more functions being of medium to high, or

top priority, with category 3 focusing on oncological follow-up
being the most important aspect. HCPs added more information
about (personal) follow-up for the patient, including (tools for)
detecting recurrences. Furthermore, they added both general
and personal information, as well as support for both the patient
and their family and caregivers. Additionally, they included
information about a care coordinator. IT professionals, on the
other hand, considered (tools for) detecting recurrences
particularly important to add, and they included extensive
information about the patient’s (personal) follow-up, both
personal and general information, along with support for the
patient and their family and caregivers.

Underlying Motives Per Stakeholder Group
For each stakeholder group, motives for (not) including certain
functions and features are discussed below per main category
of SSC and can be found in Table 2. For readability, results are
provided on the function level, which are bold. Submotives are
in italics.
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Table 2. Overview of motives for (not) including functions and features from the 4 main categories of SSC in the ideal SCP, per stakeholder group.

ITaHCPaPTaMotives and submotives

Motives for including functions and features

Informing patients

1, 2, 31, 2, 31, 3To meet patients’ information needs

111To provide understandable information

121To provide reliable information

11To help remember provided information

1To obtain informed consent

Helping patients deal with psychosocial issues

2To identify psychosocial issues

33, 43To alleviate patients’ concerns

222To provide support for or treat psychosocial issues

1b1To help patients deal with lack of understanding of others

Improving patient empowerment

1, 2, 333To improve patients’ self-management skills

4To support patients in decision-making

Preparing and providing structure for patients

11To prepare for or raise awareness about what to expect

12, 33To prevent unnecessary consultations

3To provide structure for patients

Empathizing with patients and their situation

1, 2, 322, 3To empathize with (other) patients’ needs

1, 2, 4To take the patient’s context into account

Meeting the relatives’ needs

11, 2, 3To meet relatives’ information needs

2To meet relatives’ support needs

Improving health and outcomes

33To improve melanoma outcomes

3To improve health in general

Providing integrated care

44To improve communication and collaboration between HCPs

22, 3To provide a complete treatment plan

2, 3, 42, 3, 42, 3, 4To provide an accessible contact point

Relating to experiences and expertise

1, 2, 3, 4b1, 2, 3, 4Based on own experiences

1, 2b2, 3Based on experiences of others

1, 2, 3, 41, 2, 3Based on expertise

Taking feasibility and privacy into account

1, 2, 3, 4Function is feasible

2, 3Function is important and this exceeds potential privacy issues

Motives for not including functions and features

Preventing patient distress
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ITaHCPaPTaMotives and submotives

31, 3To prevent (irrelevant) information overload

1b1To prevent taking away hope

Preventing unnecessary development

42SCP is not the right medium

333Similar tools already exist

1, 3Function is applicable in general, not for melanoma specifically

3Lack patient need for function

Taking feasibility and privacy into account

2, 3, 4Function is unfeasible

3Privacy issues are more severe than the importance of including the function and
its relevance for patients

aThe numbers correspond with the main category of SSC to which the functions belonged and for which submotives were provided, namely (1) information
and education, (2) identification and treatment, (3) oncological follow-up, and (4) coordination.
bSubmotives for (not) including functions provided solely by an IT professional with a partner with melanoma.

Motives of Patients
The most important category for patients was category 2
(identification and treatment). Patients included psychosocial
support, societal support, and where to go in case of
questions because it would help them in dealing with
psychosocial issues. Furthermore, they indicated that the SCP
should contain information about and referral to (reliable and
up-to-date information about) psychosocial and societal
support because patients recognized the existence of such issues
based on their personal experiences and because they
empathized with other patients’ (diverse) needs.

Of course it’s all very individual.. One person might
struggle with their mortgage, while another might
not have financial issues due to their illness. […] And
chatting with fellow patients for example, peer
support, can be helpful for many people, although I
personally don’t have the need for it. [Patient, male]

Patients included general information and tips for informing
relatives from the second most important category, namely
category 1 (information and education), because they valued
being informed and prepared and to help them deal with their
psychosocial issues. They indicated that the ideal SCP should
provide general information that is reliable and understandable
since much of what is currently included in, for example, the
patient portal is too medical and written in “doctor's language.”
According to them, providing this information within the SCP
could potentially prevent both patients and their relatives from
searching for (incorrect) information on websites.

I did a lot of googling myself during the years I was
under treatment, and at some point, you end up on
really unpleasant websites where you're practically
told that you'd be better off not living, and five years
later, here I am. I found that very distressing, and it
always made me very sad. So, I would like people to
know how to find their way to the right information.
[Patient, female]

Tips or information about informing relatives could also help
them deal with psychosocial issues, for example with the (lack
of) understanding of others. A reason considered for not
including functions from this category in their ideal SCP, such
as specific parts of general information, was to prevent getting
distressed; they emphasized not to add specific information,
such as treatment effectiveness, because, in their experience, it
took away their hope.

Being informed, prepared, and empowered were important
motives to include (tools for) detecting recurrences, a personal
follow-up schedule, and information about a healthy lifestyle
from the third category (oncological follow-up), as was dealing
with their psychosocial issues, which they did when empathizing
with other patients’ needs. Furthermore, patients stressed that
adding information regarding (tools for) detecting recurrences
could improve their self-management skills, alleviate their
concerns, and (thereby) prevent unnecessary consultations.
Motives not to include functions from this category (eg,
information about a healthy lifestyle) were that similar
functions or tools already exist so that unnecessary development
could be prevented.

Functions in the fourth and last category (coordination), like
information regarding a care coordinator, although less
important in their ideal SCP, were added based on their own
experiences since they missed an easily accessible contact point
during their disease trajectory.

Motives of Health Care Providers
HCPs added functions from category 3 (oncological follow-up)
to inform, prepare, and empower patients. More specifically,
they indicated that the ideal SCP should include information
about/referral to (tools for) detecting recurrences to meet
patients’ as well as relatives’ information needs, improve
patients’ self-management, and alleviate their concerns.
Altogether, this could prevent unnecessary consultations.
Meeting patients’ information needs and also improving their
melanoma outcomes and health in general were reasons for
adding information about a healthy lifestyle. Furthermore,
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HCPs indicated that offering this information is needed in order
to provide patients with a complete treatment plan, which they
did based on their expertise. However, others mentioned that
similar tools already exist and therefore did not add this function
to the SCP. A personal follow-up schedule including
background information was added by HCPs to meet patients’
information needs and to provide structure for them. On the
other hand, a reason for not including this background
information was also mentioned, namely to prevent (irrelevant)
information overload.

Identifying and providing support for or treating psychosocial
issues were motives mentioned by HCPs for adding
psychosocial support from category 2 (identification and
treatment) to their ideal SCP. They did this based on their
expertise and when empathizing with patients’ needs. Other
reasons mentioned for adding this function were to provide
reliable information (preferably by linking it to existing
trustworthy resources) that is up-to-date and to provide an
accessible contact point for patients. Furthermore, HCPs
indicated that information regarding and/or referral to societal
support should be added to meet patients’ information needs
since questions regarding financial and work-related issues arise
from diagnosis onwards. Family and caregiver support was
added by the HCPs to provide a complete treatment plan for
the patient and their loved ones and to meet the relatives’
information needs, the latter being important as heredity is a
topic that elicits many questions. HCPs indicated that by better
informing relatives, unnecessary consultations could be
prevented. Lastly, where to go in case of questions was added
by HCPs to provide structure for patients and to help them find
the right person to turn to among the many HCPs involved in
their illness and treatment journey.

That the patient actually has some idea of where to
go for which question, so they don't get lost in the
maze of various professionals. [Health care
professional, male]

Similarly, regarding category 4 (coordination), they added
information regarding a care coordinator to provide an
accessible contact point for patients and their relatives. They
also did this to alleviate patients’concerns, which is something
that such a contact point could do. In addition, they considered
this information important to ensure that the patient had a sense
of having somewhere (or someone) to turn to for questions and
uncertainties.

Functions from the first category (information and education)
that were added to the ideal SCP of HCPs were both personal
and general information, and they included them to meet the
patients’ information needs, to provide understandable
information, to help patients remember provided information,
and to support them in (treatment) decision-making. They
mentioned that patients often forget important personal
information about their received diagnosis and treatment
options, but also general information regarding what certain
treatments (effects) entail, and they considered it important to
assist them in retaining this information. In general, HCPs based
this on their expertise and indicated they should provide this
information in order to obtain informed consent.

You're supposed to tell them what you're going to do,
what the side effects are, what the chances are that
it will work; make it clear what the patient can
choose. Only then can they give informed consent.
So, whether you're going to perform surgery or
provide immunotherapy, this is the information you
must share. [Health care professional, female]

Motives of IT Professionals
Category 3 (oncological follow-up) was the most important
category in the ideal SCP of IT professionals. They added
information regarding (tools for) detecting recurrences based
on their own experiences and when empathizing with patients’
needs. Furthermore, to improve patients’self-management skills,
to alleviate their concerns, and to provide an accessible contact
point were also mentioned as motives for including this function.
IT professionals indicated that they thought patients could have
worries and uncertainties around potential recurrences and that
support regarding these worries, which is also feasible, should
be provided to them. While empathizing with patients’ needs,
they indicated that a personal follow-up schedule including
background information should be added to meet patients’
information needs. However, taking feasibility and privacy into
account, they mentioned that while they considered adding
background information feasible, they foresaw several privacy
issues for including a personal follow-up schedule that were
more severe than the importance of including and the relevance
of this information.

For privacy regulations, I deliberately left those
things out because otherwise, it makes it quite
challenging when it comes to an appointment
calendar or something similar. If you manage it
yourself, it's fine, but if it has to come through the
hospital information system, then you have to
integrate with that, and it becomes really tricky from
an IT and privacy standpoint. [IT professional,
female]

They added information about a healthy lifestyle for patients
with melanoma when empathizing with and to meet their needs,
as well as to improve melanoma outcomes. Reasons for not
including this information were that having a healthy lifestyle
is applicable in general, to prevent (irrelevant) information
overload and because similar tools already exist.

IT professionals added functions belonging to category 2
(identification and treatment) based on their expertise and, more
specifically, because they considered them feasible. In addition,
they added psychosocial support to provide support for or
treat psychosocial issues and to improve patients’
self-management, which they based on their own and others’
experiences. They added family and caregiver support to meet
patients’ and relatives’ information and support needs and to
provide a complete treatment plan. Some included information
about where to go in case of questions to provide clarity for
patients; although some of them questioned its feasibility, they
thought its importance and relevance for patients outweighed
the potential privacy issues.
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I think that if you can have patients fill in information
like, 'I have this general practitioner, I go to that
hospital with that specialist, and these are the other
health care providers involved,' and alongside that,
a general guide saying, 'For these kinds of questions,
contact your GP,' I think that can provide more value.
But when you want to retrieve that information
automatically, it becomes challenging. [IT
professional, female]

For others, these potential issues made them consider this
function unfeasible, and they did not add this to their ideal SCP.

Informing, preparing, and empoweringpatients were reasons
mentioned by IT professionals to include functions like personal
and general information from category 1 (information and
education). They added them to meet both patients’ and
relatives’ information needs, to provide understandable as well
as reliable information, and to, at the same time, help patients
deal with the lack of understanding of others. Tips to inform
relatives were added by the IT professionals to meet relatives’
information needs and to help patients deal with a lack of
understanding of others, which they did based on the
experiences they gained from others. They considered adding
these functions (personal and general information and tips
to inform relatives) feasible as based on their own expertise
and when empathizing with patients’ needs. Reasons for not
adding functions like general information included considering
them not applicable to melanoma specifically and to prevent
this general information from taking away hope.

IT professionals considered category 4 (coordination) least
important. Nevertheless, they added functions (care coordinator
and tools to improve information transmission) from this
category based on their own and others’experiences and based
on their expertise. They also provided motives for not including
functions from this category; they indicated that according to
them, the SCP is not the right medium to include tools to
improve the information transmission between HCPs, a
function that they also considered unfeasible to realize.

Discussion

Principal Findings and Comparison With Prior Work
The aim of this study was to gain insight into the ideal SCPs
according to relevant stakeholder groups and to explore their
motivations behind adding them. Patients composed a rather
compact SCP, mainly focusing on category 2 on identification
and treatment, including both information and support for
themselves, with their motives being primarily based on their
personal experiences and needs. HCPs and IT professionals
constructed more comprehensive SCPs, with category 3 on
oncological follow-up being the most important one, and HCPs
additionally focusing on category 4 on coordination. When
looking at their underlying motives, they all aligned with their
respective areas of expertise: HCPs related their additions
mainly to their roles as medical practitioners, such as providing
a complete treatment plan and obtaining informed consent,
while IT professionals’ contributions were mostly influenced
by feasibility and privacy concerns.

In light of our findings and prior research focusing on other
types of cancer (eg, colorectal and gynecological [23-25]) than
melanoma, it is evident that patients place considerable emphasis
on identification and treatment of disease and therapy effects
(category 2), perceiving the SCP mainly as an informational
and supportive tool. Thereby, patients’ unmet needs are related
to their commonly faced challenges such as psychological
distress, anxiety, depression, long-term and late effects, as well
as the fear of recurrence. As a result, they express a need for a
more comprehensive supportive care approach that includes
nonmedical information, like peer support, financial guidance,
return-to-work strategies, and psychological resource
information [17,26-28]. Moreover, the emphasis on category 2
in our results underscores the importance of broadening
traditional, current SCP content, which predominantly targets
categories 1 and 3 on information and education and oncological
follow-up [4]. Patients agreed that functions from category 2
(eg, psychosocial and societal support) are indeed essential for
effective SSC, as it would both help them deal with certain
issues and prevent searching for incorrect information online
and related distress. Integrating (referrals to) this information
in the SCP also allows all to be centralized in one place, instead
of spread over paper-based information and web-based resources
given to them by various HCPs. Despite patients’ agreement
on category 2, their opinions differed on other functions. For
example, some accentuated the need for general information
(category 1, information and education) and more specifically
on treatment effectiveness, but others felt that knowing this
might negatively influence their hope toward a positive outcome.
A reason for this may be found in patients’ motives for the
composition of their ideal SCP, which were predominantly
based on their personal, specific experiences with the disease
and the knowledge they gained when they were affected and
treated [29]. In addition, our findings align with previous
research showing that providing certain information might be
beneficial for some patients but can trigger fear among others
[8,9], and thereby further underscore the importance of
personalizing the SCP’s content [30,31]. To adequately tailor
the SCP to each patient’s individual needs, future research
should investigate ways for SCP tailoring, possibly through
patient profile definition or integrating artificial intelligence
(AI) methodologies. In addition, further quantitative research
should follow to investigate the actual impact of our results on
both SCPs’ implementation and effectiveness in clinical practice,
for example, through a classic randomized controlled trial or
partially randomized patient preference trial, the latter
incorporating patient preferences in the process of randomization
[32].

HCPs and IT professionals, in contrast, mainly based their ideal
SCP preferences on their professional expertise. HCPs primarily
related their choices to their clinical knowledge and roles as
medical professionals and indicated what is needed to provide
patients with a complete treatment plan and in order to obtain
informed consent. IT experts offered more practical reasons,
predominantly concerning feasibility and privacy issues, thereby
including perspectives the end users may have insufficient
knowledge about [29,33]. Both HCPs and IT professionals
regarded oncological follow-up (category 3) as most important.
Within this category, information about (tools for) detecting
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recurrences was added unanimously. This corresponds with
previous literature that identified fear of recurrence as a
prevalent psychological concern among melanoma survivors
[6,17,34], and offering information and support concerning this
has been shown to alleviate the intensity of such fears [35]. In
the context of the ongoing digital health transformation and the
workforce challenges in health care [36,37], AI offers promising
solutions. AI could help in assessing skin abnormalities and
thereby detecting recurrences in the future [38]. Although
physicians have concerns about AI tools’accuracy and potential
health inequality risks, it could lead to fewer unnecessary
consultations, cost reductions, and improved care pathways
[39]. As a result, improving SSC practices regarding oncological
follow-up could also facilitate advancements in category 4 on
care coordination, a topic that HCPs in our study also deemed
important. This suggests that the HCPs viewed the SCP as a
care coordination tool, which could potentially address areas
for improvement that were stressed in previous literature [40].

The feasibility and privacy concerns highlighted by IT
professionals were particularly related to functions deemed vital
to end users, ie, patients and HCPs, such as an overview of
where to go (category 2), a personal follow-up schedule
(category 3), and tools to improve information transmission
between HCPs (category 4). Although legitimate, particularly
given the patients’ unmet needs, it is important to investigate
how to adequately address these issues. Suggestions put forth
to mitigate some of these concerns included providing only the
patients’ specialist’s name rather than their comprehensive
contact information and linking the SCP to the electronic patient
portal instead of incorporating a personal follow-up schedule
directly within the SCP. However, since the use by HCPs in
clinical practice and thereby the SCP’s implementation could
be facilitated by linking it directly to the electronic health record
[6], which has been shown feasible before [41], it should be
investigated how to overcome these privacy concerns.

The above discussion suggests that HCPs, patients, and IT
professionals attribute different but complementary roles to
SCPs. Whereas HCPs view SCPs primarily as a coordination
tool, patients stress their informational and supportive roles,
and IT professionals see them as a data-sharing tool that must
function in a safe and reliable manner. These differing
perspectives can be explained by the organizational structure
of melanoma care, including SSC, which is organized in
networks with centralization of administration of systemic
treatments across the Netherlands. In the Rijnmond Region, it
operates from a “shared-care model” [42], where HCPs lead
the network and its coordination while patients are positioned
at the receiving end of care, thus receiving care, information,
and support. From this point of view, the role of IT professionals
in relation to SCPs is to ensure that coordination, information
sharing, and support are conducted in a reliable manner.

Recommendations for Future SCP Developers
The future SCP that we envision based on our results should
address all the above roles, functioning both as a comprehensive
information tool—facilitating the safe and reliable linking and
sharing of information of multiple stakeholders through its
digital aspect and connection with the patient’s electronic health

record—and as a means to improve the coordination of
melanoma care. Being better informed and supported will likely
enhance patient empowerment, allowing them to take a more
active role in managing their disease and treatment coordination
and thereby facilitating shared decision-making [43,44], rather
than merely being passive recipients of care. Thus, future
developers should create SCPs that contain functions and
features with both personal and general information, information
about/referral to reliable information on psychosocial and
societal support for patients, as well as information on lifestyle
and tools for detecting recurrences, and with functions and
features that facilitate care coordination. This SCP can and
should be further personalized, depending on patients’and HCPs
preferences, by adding additional functions and features such
as a personal follow-up schedule, information on where to go
in case of questions [12], tips for informing relatives, and
support for them.

Strengths and Limitations
The main strength of this study is its inclusive approach to
cocreation. Unlike many other cocreation studies that often
engage only 1 stakeholder group, typically patients [45,46], or
more recent at most 2 (patients and HCPs [47,48]), our study
uniquely incorporated IT professionals. Whilst they are not the
primary users of SCPs [4], their involvement proved invaluable
as they offered crucial insights into the development process,
particularly highlighting feasibility and privacy concerns.
Moreover, we actively engaged all stakeholders from the
inception of the SCP development rather than limiting their
participation to its evaluation, as seen in, and of which the
importance was stressed in, previous literature [7,33].
Furthermore, this cocreation approach aligns with the current
shift toward value-based health care, endorsing the principles
of patient partnership and shared decision-making [49]. Such
an approach empowers the target audience and other
stakeholders to shape the outcome actively, ensuring that the
final SCP aligns closely with their needs and preferences.
Moreover, the composition of our sessions with mixed groups
fostered mutual learning and encouraged interactive discussions
[13,14,50]. These elements collectively enhance the likelihood
of the tool being widely accepted, facilitating more effective
implementation and practical effectiveness.

A limitation of our study was its regional sample, which raises
questions about the transferability of our findings. However,
since melanoma care is uniformly organized in networks
throughout the Netherlands, we expect that our results will be
applicable outside our region and possibly to other countries if
melanoma care is similarly organized. However, to reach an
optimal, inclusive SCP, perspectives and needs of patients with
varying levels of (health) literacy, socio-economic status, and
backgrounds should also be investigated and incorporated.
Another aspect warranting attention is the inclusion of an IT
professional being a relative of a patient with melanoma. Even
though we believe their experiences did not greatly affect the
composition of IT professionals’ ideal SCP, it could be
interesting to further investigate relatives’ perspectives on ideal
SCPs and their underlying motivations for it. Based on previous
literature, we know that relatives of cancer survivors can
encounter significant challenges and have unmet needs
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throughout the patients’ disease trajectory [17,51,52] and are
therefore sometimes even included in the definition of a cancer
survivor [3]. Lastly, our participant pool only included patients
who had finished their treatment for some time. Since
retrospective experiences might differ from those of patients
currently undergoing treatment, it is important to focus on this
latter group in future research, ensuring a complete
understanding of patients’ SSC needs throughout the whole
disease trajectory.

Conclusions
This cocreation study provides insights into stakeholders’ ideal
melanoma SCP and the motivations behind them. Considering
the diversity in both preferences and underlying motives
regarding SCP composition between patients, HCPs, and IT

specialists, it is crucial to develop a broad SCP that extends
beyond traditional SCP content, emphasizing personalization.
By understanding the motives and considerations of patients
and HCPs in shaping their ideal SCPs, which we were able to
elicit through the interaction and discussion between different
stakeholders, thoughtful design can optimize patient care and
support throughout the survivorship journey. At the same time,
keeping the practical requirements of IT professionals in terms
of feasibility and privacy in mind is important to ensure the
ideal SCPs can be realized. In addition to continued stakeholder
involvement, efforts should be focused on addressing the
potential feasibility and privacy issues, particularly those related
to personalization, to ensure the SCP meets the needs of both
patients and HCPs.
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Abstract

Background: Survivors of childhood cancer are at risk of medical, psychological, and social late effects. To screen for their
risks, receipt of consistent, cancer-specific follow-up care is crucial. However, <50% of survivors attend their aftercare, and only
35% of them recognize that they could have a serious health problem. The use of mobile health (mHealth) is a promising form
of intervention to educate, connect, and empower survivors of childhood cancer on the importance of follow-up care.

Objective: This study aimed to use co-design to identify the priority components to include in an mHealth intervention with
young adult (aged between 18 and 39 years) survivors of childhood cancer and health care providers.

Methods: This study was conducted between January and November 2022 in Canada and used patient-oriented research methods.
Participants were recruited through local or provincial long-term follow-up clinics, using convenience sampling from patient
partners who assisted in recruiting survivors across geographical areas in western, central, and eastern Canada, and social media
outreach (X, formally known as Twitter; Facebook; and Instagram). Qualitative descriptive data (focus group interviews) from
survivors of childhood cancer and health care providers (individual interviews) were gathered. We analyzed the collected data
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using reflexive thematic analysis and verified it through member checking techniques through an online community engagement
event.

Results: We conducted with patient partners 5 online (Zoom) focus groups with 22 survivors of childhood cancer (mean age
29.19, SD 4.78 y). We conducted individual telephone interviews with 7 health care providers. Participants identified five priority
areas to be included in an mHealth intervention: (1) connections, (2) education and information, (3) engagement, (4) personalization,
and (5) resources. Results were shared with and validated by survivors of childhood cancer, their families, health care providers,
and academic researchers as part of a community engagement event. Small and large group discussions were facilitated to allow
participants to review and discuss the accuracy of the themes derived regarding the core components to be included in mHealth.
A graphic recording artist visually captured key ideas from the event. A subset of the participants also completed a web-based
satisfaction survey, and responses indicated that the community engagement event was generally well received.

Conclusions: Results from this study have provided the necessary foundation to progress in intervention development. The
next step of this multiphased project is to build an innovative and accessible mHealth intervention prototype that is based on the
identified core components and is grounded in an established conceptual framework for co-design of mHealth.

(JMIR Cancer 2025;11:e57834)   doi:10.2196/57834

KEYWORDS

mobile health; mHealth; pediatric oncology; cancer survivorship; qualitative research; patient-oriented research; co-design;
intervention development

Introduction

Follow-Up Care for Survivors of Childhood Cancer
Due to advances in treatment and supportive care, the survival
rate for pediatric cancer (age 0-19 years) now exceeds 80% [1].
In turn, the number of long-term survivors of childhood cancer
has grown exponentially, with more than 45,000 survivors living
in Canada today [2]. While this is encouraging, survivors of
childhood cancer are at a lifelong risk of developing medical,
psychological, and social late effects due to their cancer
treatment [3]. By the age of 50 years, nearly 100% of survivors
develop one or more chronic health conditions, many of which
are disabling or life-threatening [4,5]. This prevalence suggests
an important need for early screening and intervention of late
effects to improve longer-term outcomes for this group
considered vulnerable.

Consistent, cancer-specific follow-up care is associated with
better long-term outcomes, including earlier identification of
late effects or secondary cancers and minimized risk of
morbidity and mortality [6-8]. However, less than 50% of
survivors of childhood cancer attend long-term follow-up clinics
[9,10]. Known barriers to attending follow-up care in Canada
include limited knowledge of late effects and recommendations
for follow-up care, treatment factors (eg, diagnosis and type of
treatment), distance from cancer-specific follow-up clinics, and
sociodemographic factors (eg, minority status and male sex)
[7,10]. Furthermore, only 35% of survivors recognize that they
could develop a serious health problem [11]. Young adults (aged
between 18 and 39 years [12]) survivors of childhood cancer
are especially at risk of not receiving consistent long-term
follow-up care due to their unique developmental stage.
Specifically, this is a critical and dynamic time during which
major transitions occur, including greater autonomy,
independent living, and financial independence, as well as a
period of increased mental health concerns and risk-taking
behaviors [13]. The transition from pediatric to adult health
services is also particularly challenging and may result in
diminished engagement in follow-up care [14].

Mobile Health Intervention for Survivors of Childhood
Cancer
Development of innovative interventions is needed to better
educate and engage survivors of childhood cancer in their
follow-up care. An ideal intervention would meet survivors
where they are, be accessible outside of formal follow-up care
programs, account for the sociocultural context of survivors
[15], and ultimately address the distinct needs and challenges
of this population. Mobile health (mHealth) refers to the use of
wireless technology in medical care to deliver health education.
mHealth has shown potential to educate patients about
preventative health care [16]. Furthermore, mHealth may serve
to break down some of the geographic barriers and issues related
to accessibility faced by survivors of childhood cancer residing
in more remote or rural regions [17]. Given the widespread use
of smartphones among young people [18], mHealth has the
potential to address the unmet psychosocial and health care
needs of young adult survivors of childhood cancer. Therefore,
the use of mHealth is a promising new form of intervention to
educate, connect, and empower survivors of childhood cancer
on the importance of cancer-specific follow-up care.

mHealth interventions targeting young adult survivors of
childhood cancer are in their infancy [19,20]. A systematic
review of eHealth and mHealth interventions in pediatric cancer
lends support for the feasibility and acceptability of
technology-based approaches to improve outcomes of children
with cancer. However, evidence of the effectiveness of
interventions targeting specific outcomes (eg, emotional distress
and health behaviors) remains mixed [19]. Limitations of
existing interventions include restrictions to single-site
pretest-posttest designs, a failure to consider an iterative process
to intervention development, and a lack of engagement with
patients as partners in the co-design of these programs, and
intervention components must be guided by survivors’priorities
[21]. Engaging patients as partners is a feasible and efficient
way to conduct clinical research, as they are considered experts
through their own lived experiences [21]. Research shows that
patient engagement in health research has many benefits,
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including higher participation rates, design of study protocols
with more relevant outcomes, and more meaningful and
accessible means of disseminating research to study participants
and community members [21]. However, survivors are seldom
included in the development of interventions directed at
improving knowledge of the importance of long-term follow-up
care. Therefore, co-designing with survivors of childhood cancer
in addressing their own barriers to attending follow-up care may
be a promising means to enable survivors of childhood cancer
to understand and engage in their follow-up care and maximize
their outcomes. There is also limited research that incorporates
health care provider perspectives [22,23]. Health care providers
that deliver follow-up care to survivors of childhood cancer
may offer complementary insights on the mHealth intervention
development in the context of Canadian health care systems.

Current Research
The overarching goal of this research was to co-design an
mHealth intervention with young adult survivors of childhood
cancer, as well as health care providers that deliver follow-up
care to this population. In this research, we refer to co-design
as a meaningful engagement with end users in the entirety of
the research process [24]. In addition, our research approach
adhered to the best practices outlined by the Strategy for
Patient-Oriented Research (SPOR) of the Canadian Institutes
of Health Research (CIHR) [25].

As a foundational step toward mHealth intervention
development, we conducted a qualitative study to understand
and identify the priority components to be included in an
mHealth intervention that can engage, educate, and empower
survivors of childhood cancer on the importance of attending
their follow-up care. Subsequently, we validated the results by
seeking feedback from multiple informants, including survivors,
caregivers, health care providers, and researchers, through a
community engagement event.

Methods

Overview
This study was conducted as part of a larger, multiphased project
regarding survivors of childhood cancer and their follow-up
care experiences [26,27]. We used patient-oriented research and
qualitative descriptive study design. Qualitative description is
a qualitative research framework that provides detailed
experiences directly from participant perspectives [28]. This
study design is well suited for health sciences research because
it captures broad insights and helps address key clinical and
health care services questions [29].

Study data were collected and managed using REDCap
(Research Electronic Data Capture; Vanderbilt University)
electronic data capture tools hosted at the University of Calgary.
REDCap is a secure, web-based software platform designed to
support data capture for research studies, providing (1) an
intuitive interface for validated data capture, (2) audit trails for
tracking data manipulation and export procedures, (3) automated
export procedures for seamless data downloads to common
statistical packages, and (4) procedures for data integration and
interoperability with external sources [29,30].

Ethical Considerations
Ethics approval for this study was granted by the Health
Research Ethics Board of Alberta—Cancer Committee
(HREBA.CC-20-0248). As this project involved human
participants, informed consent was obtained from all
participants. Data collected were deidentified before data
analysis. Participants were compensated for their time in the
study (refer to the Procedure section for compensation details).

Patient and Public Involvement
In line with best practices of CIHR SPOR [25], we have reported
the background, objectives, methods, and results of this project
based on the checklist from the Guidance for Reporting
Involvement of Patient and the Public Short Form [31]. Patient
partners were involved as coresearchers throughout the project,
including study design, recruitment, data collection,
interpretation of results, and knowledge dissemination. Patient
partners were compensated financially for their time.

Participants
Survivors were eligible to participate in the qualitative study if
they were (1) currently aged between 18 and 39 years, (2)
diagnosed with cancer before the age of 18 years, (3) at least 5
years after diagnosis and/or 2 years after treatment, and (4)
currently living in Canada. Health care providers were eligible
to participate in the study if they were (1) delivering clinical
care to survivors of childhood cancer, (2) practicing for >5
years, and (3) currently living in Canada.

Participants were eligible to participate in the community
engagement event if they were (1) survivors of childhood cancer
as defined earlier, (2) parents or caregivers of survivors of
childhood cancer, (3) health care providers that provide
follow-up care to survivors of childhood cancer as defined
earlier, or (4) researchers of childhood cancer survivorship.

Recruitment
Several strategies were used to recruit individuals from diverse
sociodemographic backgrounds as part of the larger, multiphased
project [26]. First, survivors and health care providers were
informed about the study by their local or provincial long-term
follow-up clinics, where they were given the option to complete
a consent-to-contact form and subsequently invited to participate
by the study team. Second, patient partners assisted in recruiting
survivors across geographical areas in western, central, and
eastern Canada. The practice of patients recruiting patients to
integrate diverse patient perspectives is supported by the
principle of inclusiveness according to the CIHR SPOR
framework [25]. Third, social media outreach was used,
including X (formerly known as Twitter; X Corp), Facebook
(Meta Platforms), and Instagram (Meta Platforms). This strategy
involved recruiting through patient and young adult cancer
advocacy groups and communities by sharing study graphics
(eg, Childhood Cancer Survivor Canada and #AYACSM).

Participants that completed other phases of this project were
invited to participate in this qualitative study. Participants that
participated in other phases of the project, as well as those who
did not participated in the project, were all welcome to attend
the community engagement event.
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Procedure
We conducted 5 online focus groups with survivors of childhood
cancer on Zoom (Zoom Communications Inc) between March
and July 2022. Focus group discussions lasted approximately
90 minutes. Eligible participants were contacted and provided
with a link to consent to the study on the web through REDCap.
They were then provided with a Zoom link and date for the
focus group. Participants were compensated with a CAD $25
(US $17.91) e-gift card for their participation. Similarly, we
conducted telephone interviews with health care providers who
followed the same consent process as survivor participants.
Each interview lasted 15 to 20 minutes. Health care providers
were also compensated with a CAD $25 (US $17.91) e-gift card
for their participation.

We hosted a half-day online community engagement event via
Zoom in October 2022. The event was cofacilitated by 2
academic researchers (FSMS and SHJH) and 2 patient partners
(RD and IR). A collaborator from a digital technology company,
Cambian, attended the event to provide input from a feasibility
and usability standpoint. Cambian specializes in providing
collaborative health care information services. A graphic
recording artist from Fuselight Creative attended the event to
visually capture central and representative ideas generated from
the community event. Fuselight Creative is a visual facilitation
company that specializes in the strategic use of graphic recording
to enhance interactive engagement and learning in community
events.

Eligible participants were asked to register for the event and
provide their email address to receive the Zoom link. Registered
participants provided verbal consent to partake on the day of
the event on the web via Zoom. Participants were compensated
with a CAD $25 (US $17.91) honorarium for their participation
in the community engagement event. Likewise, patient partners
(RD and IR) were compensated for their cofacilitation of the
event.

Measures

Sociocultural Demographics
For the qualitative study, survivors completed an initial
questionnaire regarding their sociodemographic background,
including age, sex, gender, relationship status, family
composition, and race and ethnicity. Survivors also completed
questions regarding their clinical history, such as their diagnosis,
age at diagnosis, type of treatments received, and number of
years after treatment. Health care providers completed a similar
questionnaire to survivors regarding their sociodemographic
background, as well as questions regarding their professional
experiences, including the number of years practicing and years
of experience delivering care to survivors of childhood cancer.

Interview Guide
Survivors engaged in an online focus group discussion, guided
by a semistructured interview guide exploring the development
of an mHealth intervention for survivors of childhood cancer
to optimize their engagement in follow-up care. Questions were
codeveloped with patient partners and centered on the
development of content (eg, “What are your thoughts on creating

a platform for survivors?”), education (eg, “What type of
information would you want included?”), communication (eg,
“Would you want an opportunity to interact with other survivors
and/or healthcare providers?”), and engagement (eg, “What are
some features that could help you engage in your follow-up
care?”) related to the mHealth intervention.

Health care providers engaged in an individual telephone
interview. The same set of semistructured interview questions
was administered, with wording modified to reflect the health
care providers’ perspective on the same topic. The complete set
of questions asked during the focus groups can be found in
Multimedia Appendix 1.

Small and Large Group Discussions
As part of the community event, participants engaged in
interactive small and large interactive group discussions.
Facilitators posed semistructured questions on the accuracy,
representativeness, and resonance of the themes conceptualized
from the data. During small group discussions (3-4 participants
per group), differences in perspectives were discussed in the
presence of an observer who was a member of the research
team. The observer’s role is to ensure equal participation among
members and that no one individual or group’s views are
dominant over others. The observer takes notes, facilitates the
flow of conversation and turn-taking among participants, and
shares a summary of key discussion points with members to
ensure the accuracy of notes taken. Key discussion points from
the small group sessions were subsequently integrated into the
larger group discussion (all participants) to achieve consensus,
facilitated by 2 main facilitators (SHJH and FSMS) and 2 patient
partners (RD and IR). Large group discussions were facilitated
using interactive media features, including a Google Jamboard,
Mentimeter, and polling on Zoom.

Satisfaction Survey
Participants completed a web-based questionnaire within 1 week
following the event. Questions were derived and adapted from
the Public and Patient Engagement Evaluation Tool [32].
Participants were asked to rate the extent to which they agreed
with statements regarding their experience at the event, using
a 5-point Likert scale (1=strongly disagree and 5=strongly
agree). Questions were centered on participants’ understanding
of the nature of the workshop (eg, “I had a clear understanding
of the purpose of this community workshop”), as well as whether
the workshop met the stated objectives described herein. We
also solicited feedback from participants using an open-text
response format.

Analysis Plan
Sociodemographic information gathered from participants was
summarized using descriptive statistics and analyzed with SPSS
(version 28.0; IBM Corp). Qualitative descriptive data gathered
from focus groups and interviews were audio-recorded,
transcribed verbatim, and deidentified. Transcripts were
subsequently analyzed using reflexive thematic analysis [33].
Reflexive thematic analysis is a theoretically flexible analytical
approach used to identify patterns of meaning and conceptualize
them into themes. This type of analysis is commonly used in
qualitative description studies [34]. In total, 5 researchers
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(SHJH, BH, RD, KM, and HW) conducted the analysis
according to the steps outlined by Braun and Clarke [33]. First,
researchers read the transcripts several times to familiarize
themselves with the data. Next, researchers developed a
preliminary coding framework and coding book. Each researcher
independently coded the same transcript and met as a team to
compare coding choices and ensure alignment in the
interpretation of the codes. Following this, the remaining
transcripts were each analyzed by 2 researchers. Theme
abstraction took place iteratively among the researchers by
meeting regularly to discuss and review each researcher’s
interpretations. Any differences in theme abstraction were
reconciled through open dialogue until a consensus was reached.
Data analysis was supported using NVivo (version 14;
Lumivero) [35], a qualitative data management software.
Multimedia Appendix 2 includes a reflexivity statement from
all researchers involved in the thematic analysis.

Member checking, also known as response validation, is a
validation technique used in qualitative health research and has
been recognized as a method of rigor to enhance the
trustworthiness of qualitative data [36]. Member checking was
conducted with multiple informants, including survivors,
caregivers, health care providers, and researchers, through an
online community engagement event. Member checking was
achieved through multiple methods, including small and large
group discussions, satisfaction surveys, and graphic recording
throughout the community engagement event.

Results

Participant Characteristics
In total, we conducted 5 online focus groups with 22 survivors
of childhood cancer, with a range of 4 to 6 participants present

per focus group. The mean age of survivors was 29.19 (SD 4.78)
years. Over 95% (21/22) of survivors indicated that their
assigned sex was female and likewise that their gender identity
was female. Most survivors (19/22, 86%) identified as White.
Survivors came from 6 provinces, most prevalently from Alberta
(10/22, 46%), Ontario (5/22, 23%), and Nova Scotia (4/22,
18%). Most survivors (18/22, 82%) lived in an urban
geographical region. Survivors reported a history of leukemias
(11/22, 50%), lymphomas (6/22, 27%), and solid tumors (5/22,
23%) as the most common diagnoses. The average age at
diagnosis was 10.59 (SD 5.45) years, and the mean time off
treatment was 17.45 (SD 6.81) years.

We conducted individual telephone interviews with 7 health
care providers. In total, 6 health care providers indicated that
their sex assigned at birth was female and that their gender
identity was female. All health care providers identified as
White. Health care providers included 3 registered nurses and
4 allied health professionals. All health care providers had
experience delivering care to survivors of childhood cancer;
29% (2/7) of the participants had between 1 and 5 years of
experience, 43% (3/7) of the participants had between 5 and 10
years of experience, 14% (1/7) of the participants had between
10 and 15 years of experience, and 14% (1/7) of the participants
had >15 years of experience. Health care providers were from
Alberta (2/7, 29%), British Columbia (3/7, 43%), Manitoba
(1/7, 14%), and Ontario (1/7, 14%). All health care providers
reported residing in urban regions. A summary of participant
demographic characteristics is provided in Table 1.
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Table 1. Demographic and clinical characteristics of survivors of childhood cancer (n=22) and demographic and professional characteristics of the
health care providers of survivors of childhood cancer (n=7).

ValueDemographic and characteristics

Survivors of childhood cancer: demographic and clinical characteristics

29.19 (4.78)Current age (y), mean (SD)

Sex, n (%)

1 (5)Male

21 (96)Female

Gender, n (%)

1 (5)Male

21 (96)Female

Ethnicitya, n (%)

2 (9)Indigenous, First Nations, Inuit, or Métis

1 (5)Black, African, or Caribbean

2 (9)East Asian

19 (86)White or European

2 (9)Other

Province of residence, n (%)

10 (46)Alberta

1 (5)New Brunswick

4 (18)Nova Scotia

5 (23)Ontario

1 (5)Quebec

1 (5)Saskatchewan

Geographic region, n (%)

4 (18)Rural

18 (82)Urban

Distance from major urban center (km), n (%)

11 (50)0

4 (18)1-20

2 (9)21-40

3 (14)>40

2 (9)No response

10.59 (5.45)Age at diagnosis (y), mean (SD)

17.45 (6.81)Time after treatment (y), mean (SD)

Cancer diagnosis, n (%)

11 (50)Leukemia (eg, acute lymphoblastic leukemia and acute myeloid leukemia)

6 (27)Lymphoma (eg, Hodgkin and non-Hodgkin)

5 (23)Solid tumor (eg, Wilms tumor and osteosarcoma)

Health care provider: demographic and professional characteristics

Sex, n (%)

1 (14)Male

6 (86)Female

Gender, n (%)
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ValueDemographic and characteristics

1 (14)Male

6 (86)Female

7 (100)Ethnicity: White or European, n (%)

Profession, n (%)

3 (43)Registered nurse

4 (57)Allied health professional

22.43 (8.00)Time in profession (y), mean (SD)

Years delivering care to survivors of childhood cancer, n (%)

2 (29)>1 but <5

3 (43)>5 but <10

1 (14)>10 but <15

1 (14)>15

Province of residence, n (%)

2 (29)Alberta

3 (43)British Columbia

1 (14)Manitoba

1 (14)Ontario

7 (100)Geographic region: urban, n (%)

Distance from major urban center (km), n (%)

2 (29)0

1 (14)1-15

0 (0)>15

4 (57)No response

aParticipants were able to select all that apply. Total responses may exceed the total number of participants. Those that indicated “other” were invited
to specify if they desired. In this sample, participants did not specify “other.”

Priority Components to Be Included in an mHealth
Intervention for Survivors of Childhood Cancer and
Health Care Providers

Connections: Establishing Connections Is a Top Priority

Survivors’ Perspective

Survivors spoke of the importance of being able to connect with
other survivors because they feel validated by those who
understand that the cancer journey does not end when treatment
ends and that, in fact, the cancer experience is lifelong (quote
1). Survivors also felt that the ability to communicate with other
survivors on mHealth would allow them to establish a sense of
community through a shared experience and shared
understanding of having been impacted by cancer (quotes 2 and
3). Survivors specified that such a connection could be a
therapeutic process as well as an opportunity to provide peer
support (quotes 4 and 5). Survivors also discussed the possibility
of being able to connect with their health care provider through
additional means outside of clinical care (quote 6). Finally,
survivors emphasized that being able to establish these

connections with other survivors of childhood cancer as well
as health care providers was a means of self-empowerment and
self-advocacy because they could take control of their own care
and experiences (quotes 7-9).

Health Care Providers’ Perspective

Health care providers also recognized the importance of
connecting survivors with one another. Health care providers
shared that these social connections are likely to mitigate
feelings of isolation for survivors in their cancer experience
and, in turn, empower them to engage in their follow-up care
(quotes 10 and 11). Health care providers also expressed a desire
to connect with other health care providers across Canada for
the opportunity to consult and learn from one another about
pertinent matters in delivering follow-up care for survivors of
childhood cancer (quote 12). In addition, health care providers
shared that being able to connect with survivors (eg, navigating
appointments and/or scheduling), as well as with primary care
providers, may be a useful feature to incorporate in mHealth to
enhance the efficiency with which they deliver follow-up care
(quote 13; Textbox 1).
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Textbox 1. Theme, subthemes, and representative quotes from survivors (n=22) and health care providers (n=7) on the development of an mHealth
intervention to enhance follow-up care. This textbox covers theme (1), “connections: establishing connections is the top priority.”

Survivors’ perspective

• Connecting with other survivors feels validating because not everyone understands the cancer journey and that it is lifelong.

• Quote 1: “...I think in just hearing others communicate about their experiences to speak to the volume and importance of it’s not done after,
we’re not done after treatment, it’s a lifelong thing that we’ll always re-engage in at various points in time in different ways.” [S6F2]I

• Quote 2: “...the idea of a platform is really great, especially when you think about people’s readiness to engage in that kind of stuff...So
having that available when people are ready to engage gives them access and gives them a sense of control about when they are actually
feeling they need that support versus when you have that follow-up first talk...” [S6F2]

• Quote 3: “And you can be surrounded with people that do care about how you’re feeling and how you’re doing but no one knows what it’s
like. So being able to connect to people that have gone through the same things as you, that can validate your feelings and all of that...”
[S4F5]

• Connecting with other survivors can help create a sense of community.

• Quote 4: “Almost kind of like meet-up where you could get a bunch of survivors together and like, all go for coffee or something and we’ll
just hang out and talk about our stories or like how we’re moving forward with our lives or what’s going on...I think it would be really cool
to see something on a bigger scale that’s perhaps all the way across the country or just something along that line, as well as having resources.”
[S4F3]

• Quote 5: “And also, maybe an option to talk to people who have been through the same thing, but not talk about cancer at all...Build up a
bigger community around it without feeling super nervous or weirded out by it.” [S4F3]

• Connecting with health care providers may help ensure a shared understanding of what occurs at follow-up care and increase access to health
care providers.

• Quote 6: “When I said, ‘I am anxious about ABC’ or like, ‘XYZ happened to me in my life,’ did they hear that or did they just say, ‘Worried
about cancer but looks good. Goodbye,’ like I want to know that they had the same thing. And it would be lovely to have some kind of
ability to keep on top of that or keep track of that whether that be some variation of like there’s a passport where it’s just like, ‘We had this
conversation on this date’ and then I know for future that it has been brought up or it has been talked about.” [S1F4]

• Self-advocacy is integral to being a survivor of childhood cancer, and teaching people how to empower themselves through connections and
knowledge is key to their health care.

• Quote 7: “They put you kind of, you’re more involved in the whole process if you have really easy access to all the information. Like
[participant 3] was saying about her binder, and how she’s sort of being involved in the process with keeping track. I think that just helps
you feel like you’re taking control of your own health. And it’s like, that would help engagement.” [S2F1]

• Quote 8: “I think for some of us who are a little more like question shy when it comes to like speaking to doctors, like I know, I often find
myself listening and not asking. I think maybe including information on how to like advocate for yourself as a patient would be important.”
[S3F3]

• Quote 9: “I’m not 100 percent sure on how this would fit in with the platform yet, but I think that something in aftercare that is kind of
missing that might be beneficial in kind of helping people to be able to advocate and engage in their care a little bit more is like—I don’t
know if it’s the first appointment you ever have when you go to adult care or the last one or somewhere in-between.” [S3F4]

Health care providers’ perspective

• Health care providers recognize that connecting survivors with other survivors is a priority. These social connections can potentially help mitigate
feelings of isolation and empower them to engage in their follow-up care.

• Quote 10: “Yeah well, I agree with the idea of a platform, it helps people to move from kind of the more insular cancer experience to
broadening and connecting in the community and identifying what they have in common with other people because I think that would help
people and with the focus on mitigating of effects.” [HP2]

• Quote 11: “Really help them with like social opportunities because a lot of them are so isolated socially. Some of them have a really hard
time making friends, because they don’t like, it’s not like a muscle memory they learned in high school. Like where they don’t—they just
have a hard time knowing how to make and maintain friendships. So that I think would be a useful sort of like, a place where people like
me, across the country, could refer to get people connected socially.” [HP5]

• Health care providers want to connect with other health care providers to discuss, ask questions, and share expertise.

• Quote 12: “No. I think one interesting thing too is that we, as a long-term follow-up group, have a Canadian group that we talk about. Like
we need every, say, quarterly online and discuss, you know, different issues and what are you doing here? What are you doing here? So, I
think having that expertise, Canadian expertise of those groups would be good. So, you know, when this is up and running it would be great
if that was presented at our group. Like, you could join our email Zoom, and you know, get everyone on the same page of engagement.”
[HP6]
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• Health care providers indicated that navigating appointments and scheduling with survivors and communication with primary care providers
may be useful features.

• Quote 13: “So, I don’t know if adding the primary care information and being able for them to amend it as it changes. I don’t know if there’s
a functionality where when they see an update, they could forward that to their primary care provider. I mean I’m thinking really big here
and I know it’s nearly impossible to do but, you know, there must be a way to maybe get things together even if it means, you know, they
have to physically show it to their primary care provider when they go for their next visit.” [HP1]

Education and Information: Having a Cancer History
Profile Can Be Useful

Survivors’ Perspective

Features that provided information on and tracking survivors’
cancer history were some of the most prevalent themes discussed
by survivors. Specifically, survivors emphasized the importance
of having their cancer treatment history summarized in the form
of a cancer profile, along with information regarding the type
of follow-up care they receive, a summary of their follow-up
care visits, and a summary of past and current medications and
treatments (quote 14). Participants highlighted several benefits
of this feature in an mHealth intervention, including being able
to recall their medical history during appointments with new
health care providers, establishing a shared understanding
between survivors and health care providers, addressing any

gaps in communication, and making their follow-up care more
accessible (quotes 15 and 16).

Health Care Providers’ Perspective

Health care providers identified a need for a cancer profile so
that information such as treatment history (eg, cumulative doses
and exposures) can be summarized in 1 hub (quote 17).
Furthermore, health care providers indicated that a cancer profile
may serve as an effective tool to communicate with survivors
about their follow-up care, including the importance of screening
for late effects, provided that the cancer profile can include a
summary of potential risks of late effects related to diagnosis
and treatment (quote 18). Similarly, health care providers
explored the possibility of linking updated survivorship
guidelines to a cancer profile, which may be informative for
survivors of childhood cancer (quote 19; Textbox 2).

Textbox 2. Theme, subthemes, and representative quotes from survivors (n=22) and health care providers (n=7) regarding the development of a mobile
health (mHealth) platform to enhance follow-up care. This textbox covers theme (2), “education and information: creating a personalized cancer profile
would be helpful.”

Survivors’ perspective

• A treatment summary can help with communicating with health care providers at follow-up care visits and remembering treatment history details.

• Quote 14: “Yeah, I mean, I feel like, earlier like I was saying, I have that binder which I feel like is kind of like a one stop shop. But if that
was in a digital form, I feel like that would be, that would be useful. Some sort of platform where, yeah it would have some sort of resource
thing, but customized to what treatment you had, what drugs specifically you were on. Something that would have—even when you go to
aftercare, a digital version of your test results as well. That way it’s stored there and there’s a history you can refer back to.” [S3F1]

• Being able to track and view the history of follow-up care visits would make care more convenient, transparent, and accessible.

• Quote 15: “...I guess a lot of things are getting more digital now so just being able to have access to records, maybe possible notes of previous
visits you had. So, something just to refer to would be very convenient.” [S1F1]

• Quote 16: “...let’s say if you want to refer back to a visit that you did a couple of years ago, have some notes that you can kind of refer to.
Other than, kind of see how you’ve improved. And I think that would just help to refer back and then see how it’s progressed, from any
concerns from past follow-ups.” [S1F1]

Health care providers’ perspective

• A treatment summary can help health care providers consolidate information and inform treatment planning.

• Quote 17: “I think that making sure that it has like a comprehensive treatment summary, and by that, I mean...like the significant cumulative
doses, that they know what complications that they have, and then the things at risk. But I think the number one thing on the very first page
after their treatment summary would be the very practical things you have to do, echoes, when’s your next test due; and to also make sure
that they have a primary care physician” [HP1]

• A cancer profile may help health care providers communicate the importance of understanding and screening for late effects for survivors of
childhood cancer.

• Quote 18: People have to be prepared kind of for the long haul without knowing exactly what the long haul is. But for some people we have
a fairly good idea that they will like pretty significant cognitive or physical disabilities depending on what they’ve gone through. So, the
challenge of figuring out how to help people with that process as it evolves.” [HP2]

• Linking updated survivorship guidelines to a cancer profile may be informative for survivors of childhood cancer.

• Quote 19: “I think it could be linked to the survivorship guidelines somehow but that the less we put and the most important stuff that we
put in that will actually make it useful.” [HP1]
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Engagement: Issues Related to Accessibility and Health
Equity Impact Survivors’ Engagement in Their
Follow-Up Care

Survivors’ Perspective

Survivors discussed the challenges related to accessing their
follow-up care, referring to the ease of reaching and using health
care services, and how these barriers reflected issues related to
health inequities that some experience. For example, survivors
felt that all survivors requiring follow-up care should be able
to access their follow-up care, and yet, disparities exist in this
regard (quote 20). Survivors spoke about their difficulty in
accessing follow-up care due to geographic barriers, especially
for those that reside in more rural or remote communities (quotes
21-23). In addition, survivors shared that features such as
appointment reminders, accommodation provided for

transportation, and being able to ask questions to health care
providers in an mHealth intervention may be ways that can help
increase access to their follow-up care (quote 24).

Health Care Providers’ Perspective

Health care providers recognized that health inequities exist in
the current service delivery of follow-up care to survivors of
childhood cancer and highlighted the need to make mHealth
easily usable and accessible (quote 24). Health care providers
also identified practical strategies that can help survivors engage
in their follow-up care, such as displaying a list of the upcoming
appointments on mHealth or outlining follow-up care in a
stepwise fashion so that survivors that face cognitive effects of
their treatment can be accommodated and supported in their
engagement with follow-up care (quotes 25 and 26; Textbox
3).

Textbox 3. Theme, subthemes, and representative quotes from survivors (n=22) and health care providers (n=7) on the development of an mHealth
intervention to enhance follow-up care. This textbox covers theme (3), “engagement: issues related to accessibility and health equity impact survivors’
engagement in their follow-up care.”

Survivors’ perspective

• Appointment reminders, flexibility, and accommodations for transportation are ways to increase access and engagement to follow-up care.

• Quote 20: “I would love to have an appointment at a certain time and for the appointment to be like within one hour of that time rather than
that’s the only thing on my day because I might be pushed four or five hours. And I understand like oncology is a field that does have
emergencies and things happen and yes, like those precedent absolutely. But when I’m coming there just to get a rubber stamp that said I’ve
done it and they’ve already looked at my blood work, where it definitely could’ve been a phone call, but I was spending my whole day in
clinic instead, those are the things that would make it easier for me to engage more with my follow-up rather than treat it like a check box.”
[S3F1]

• Health inequities exist, and people from remote or rural communities have a harder time accessing their follow-up care. Telehealth mitigates
some of these challenges but not all.

• Quote 21: “But aside from that a lot of the more helpful things to engage with follow-up are things that unfortunately, unless you’re building
a city from scratch, are very hard to accomplish. I would like to be near my area, I would like more my follow-up is being happening, I
would like for there to either be parking or public transport that is easy to access and get me there. All of those things.” [S1F4]

• Quote 22: “And if that’s something that, like I said out here, it was shocking to live the reality that health equity is a dream, not a reality in
Canada as much as we want it to be. Because like people in [city], the health care here is, it’s just not accessible, it’s brutal...I mean, I think
Zoom and all of the telecommunication stuff will really help now, hopefully where people are more open to doing these sorts of things
virtually, rather than having to drive four hours to [city], that sounds horrible.” [S4F5]

• Quote 23: “But just, if there was something that could address that for people who maybe can’t access care where they live remotely, and
they can actually be connected with practitioners or—yeah, I don’t know. I think that’s all I wanted to say about the app.” [S3F5]

• Being able to communicate with the health care team and ask questions may help increase access to follow-up care.

• Quote 24: “I also think a message feature would probably be efficient because I think of like, if I have to call the clinic sometimes that can
be a little bit of a hassle with my phone tag. But if I knew that on the App, I could just send a message saying something like, ‘appointment
needs to be changed,’ whatever. ‘Can you give me a call?’ Or even just being able to do it that way completely would be useful.” [S3F1]

Health care providers’ perspective

• Health inequities exist, and access to care can be increased by showing survivors how to navigate mHealth and making mHealth readily available.

• Quote 24: “I think that, if I had to be very sort of realistic, I think that making sure that they have things to access is the most important. I
still think that that probably would be like a big barrier to building this if we had to add that functionality [to the mHealth platform].” [HP1]

• There are practical strategies that may help survivors of childhood cancer engage in their follow-up care.

• Quote 25: “But I think the number one thing on the very first page after their treatment summary would be the very practical things you
have to do, echoes, when’s your next test due.” [HP1]

• Quote 26: “Yeah, just that transition to adulthood thing of helping people see what are the normal kinds of tasks that people learn to become
adults; so that’s kind of more concrete for them. Perhaps break some of those tasks down into concrete steps so it’s not so overwhelming.”
[HP2]
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Resources: Providing Personalized Resources Can Help
Enhance the Survivorship Experience, Psychosocial
Well-Being, and Reproductive Health

Survivors’ Perspective

Survivors highlighted the need for resources specific to the
unique needs of cancer survivorship, highlighting that
personalization helps normalize the experience of survivors of
childhood cancer (quotes 27 and 28). Survivors also expressed
a desire for more mental health resources. They readily endorsed
the impact of diagnosis and treatment on their social, emotional,
and mental well-being, especially wanting to know more about
the notion of posttraumatic growth and posttraumatic stress in
survivorship (quotes 29-30). Survivors also highlighted major
gaps in resources dedicated to reproductive health, even though
there is a negative impact of cancer treatment on fertility and

family planning (quote 31). Survivors also noted that educational
resources to support survivors’ transition back to school are
largely absent (quote 32). Finally, survivors discussed the
importance of being able to access resources that are up-to-date
and reflect recent advances in science and research (quote 33).

Health Care Providers’ Perspective

Health care providers identified, as a priority, the need for
resources dedicated to survivorship experience, financial
assistance, and health care transitions (quote 34). They also
identified a gap in psychosocial and educational supports (quote
35). Moreover, health care providers spoke of the need for better
resourcing to help survivors understand and navigate their
fertility and family planning (quote 36). Finally, health care
providers discussed the importance of being able to share
resources that are updated and reflect advances in research and
science (quote 37; Textbox 4).
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Textbox 4. Themes, subthemes, and representative quotes from survivors (n=22) and health care providers (n=7) on the development of an mHealth
intervention to enhance follow-up care. This textbox covers theme (4), “resources: providing tailored resources can help enhance the survivorship
experience, psychosocial well-being, and female and reproductive health.”

Survivors’ perspective

• Offering resources on the unique survivorship experience can help to normalize being a survivor of a childhood cancer.

• Quote 27: “And like it would be nice to have a platform where you can exchange stories and have some of those anxieties assuaged of like
this isn’t a unique to you experience, it’s a unique to the childhood cancer experience. Like there are other people who went through the
same thing.” [S1F4]

• Quote 28: “But I think that maybe people would like to access, maybe there’s testimonials from people. If it’s about people feeling like it
normalizes their situation.” [S3F5]

• Mental health resources are lacking. Survivors are interested in better understanding the impact of diagnosis and treatment on their social,
emotional, and mental well-being, including experiences of posttraumatic growth and posttraumatic stress.

• Quote 29: “But what I was going to say was, I would say like social, emotional, mental health resources, just that larger I think important
too. Or even contacts specifically connected to the aftercare clinic with relation to those. Whether it be social work, or child and youth,
depending on the age, that type of thing.” [S3F4]

• Quote 30: “So, I think education maybe around mental health, what certain terms might mean like post-traumatic growths, what is that? Or
post-traumatic stress disorder, or survivor’s guilt, education content around what kind of complications could pop up for people that have
had cancer treatment as a pediatric patient.” [S7F2]

• Resources on female and reproductive health of survivors of childhood cancer is inadequate. Survivors would like to be better educated and
equipped with the impact of diagnosis and treatment on their female and reproductive health.

• Quote 31: “I was never told any—I had to ask if I was going to be able to have kids. It was never brought up to me. But I mean, I don’t
know, I only had chemotherapy. So, I don’t know if radiation has something to do with that, but yeah, they’ve never brought it up.” [S2F5]

• Knowing what accommodations and modifications are available to survivors of childhood cancer in their learning and education would be a
helpful guide.

• Quote 32: “I think maybe for deciding where this is for me, at home schooling. Because I know when I was going through treatment they
had to—I skipped out like a year and a bit. So, yeah, I guess just resource things or places to refer to, to kind of continue that education if
you’re not able to be in class.” [S1F1]

• Survivors would like resources that are updated and reflect advances in research and science.

• Quote 33: “...just what’s the most up to date evidence, because I think it’s constantly evolving, so I think that’s a huge piece of that information
need and education need. I think it also helps you problem-solve, too, when things come up and you’re ‘is this normal?’ And then you go
to research and it’s ‘yeah, 20 percent or more end up with mental healthcare needs. OK, it’s not abnormal for me to be feeling this way or
for me to have this challenge.’ So, I think there’s a normalization element to having information that can support you in navigating follow-up
care, for sure.” [S6F2]

Health care providers’ perspective

• Resources dedicated to the survivorship experience, financial assistance, and health care transitions are priorities.

• Quote 34: “So, if we can figure out parking, just sort of if you think about another practical suggestion, how do you engage, if you need
financial assistance with parking or travel, links to some resources that might be helpful. Not that there’s not many, but just sort of how to
eliminate barriers.” [HP4]

• Health care providers identified a major gap in psychosocial and educational supports.

• Quote 35: “Well, the big mental health ones I think is key, mental health, like the, I know [location] Health Services have their, has their
cope, hard, coping in hard times kind of link or something, just those would be I think standard, would be helpful to have that. And even
counselling specific, psychosocial counselling, counselors that are, identify, have experience in working in this area. Private ones would be
helpful, although, yeah, and then just financial resources as well too, just links to that. I know, you could kind of there’s a whole bunch of
different ones I’m sure that you could link there, but the counselling, vocational supports.” [HP4]

• Better resourcing is needed to help survivors of childhood cancer understand and navigate their fertility and family planning.

• Quote 36: “You know some common big things that, not so much for our young patients for our adolescent and young adults, I do think
that sort of resources about fertility and family planning needs to be somewhere in there because I think that that’s something that some
patients whether it be cultural or just personal can’t openly ask, and I think that we’ll agree that that’s probably the most complex late effect
that we deal with from a physical and mental-health perspective. I think that that—I don’t know if it has to be something on its own, but I
wish we could be better at telling a young person that, you know, family planning is different for everybody and that there are different
ways to have families and the definition of family is changing every day. So, I don’t know if that part is just—if I won $10 million I would
put the money toward fertility salvage in survivors; that’s what I would do.” [HP1]
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Health care providers would like resources that are updated and reflect advances in research and science.•

• Quote 37: “Also, a place where they could see where there’s a change in practice, like how often we do echoes or, you know, new
recommendations for vaccinations, you know, like the very specific stuff that they, you know—flags or alerts I think would be helpful.”
[HP1]

Personalization: There Is a Need for Personalized
Features on mHealth, Including Consideration of
Survivors’ Readiness; Emotional Impact of Accessing
Follow-Up Care; Privacy; and Right to Accurate,
Moderated Information

Survivors’ Perspective

Survivors highlighted several important considerations to help
personalize the mHealth intervention. For instance, survivors
described the importance of providing options so that survivors
can feel that they have a choice in when and how they wish to
navigate mHealth in their cancer journey (quotes 38 and 39).
Furthermore, survivors discussed the emotional impact of
accessing their follow-up care, highlighting that the survivorship
experience is diverse and that they want to be able to establish
their own boundaries in accessing their follow-up care and
cancer history through mHealth (quote 40). In addition,
survivors discussed the importance of incorporating privacy

features to protect their identity and health information, whether
that is from their family members and/or other members of the
mHealth community (quotes 41 and 42). Finally, survivors
recognized that, while they would value being able to
communicate with other survivors in a forum on mHealth, there
is a need to modulate all communication to ensure that any
information or resources shared are accurate and not to be
mistaken with professional recommendations (quote 43).

Health Care Providers’ Perspective

Health care providers expressed their concern for any
information that survivors receive that is not communicated
directly from a health care provider (quote 44). They expressed
a desire to ensure that survivors receive accurate knowledge
and resources to support their follow-up care (quote 44). Health
care providers also shared their concern for the limited capacity
of current health care providers in being able to support the
growing population of survivors (quote 45; Textbox 5).
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Textbox 5. Themes, subthemes, and representative quotes from survivors (n=22) and health care providers (n=7) on the development of an mHealth
intervention to enhance follow-up care. This textbox covers theme (5), “personalization: there is a need to account for personalized features, including
survivors’ readiness; emotional impact of accessing follow-up care; privacy; and right to accurate, moderated information, in accessing mHealth.”

Survivors’ perspective

• Being able to choose when to access, and have control over access, mHealth is an important feature. Not all survivors feel ready or want to engage
in their mHealth at all times.

• Quote 38: “And I don’t think that it should be alert based, or maybe if there’s a way that you opt out of alerts, because I think that that would
be probably a stressor, when you’re at work, and you like, ‘Ping. Have you thought about cancer today?’” [S3F5]

• Quote 39: “...the idea of a platform is really great, especially when you think about people’s readiness to engage in that kind of stuff.
Oftentimes...I wasn’t ready at first to engage with other youths at that time. It took some time, and it actually was, I made my closest
friendships with other survivors five years post, maybe even more than that. So, it was—I was quite defended from that, but there was a
readiness there, that I was ready to do that, but it came at an appropriate time. So having that available when people are ready to engage
gives them access and gives them a sense of control about when they are actually feeling they need that support versus when you have that
follow-up first talk, it’s ‘hey, here are the resources available to you, have at them when you need them,’ and that can be a little intimidating.”
[S6F2]

• For survivors, there is an emotional impact to accessing their follow-up care. These experiences are diverse, and survivors want to be able to
establish their own boundaries in accessing their follow-up care and cancer history.

• Quote 40: “But my concern with peer support has always been that the people who tend to gravitate toward looking for support, are people
who aren’t doing well. And so, I don’t want to go or be part of something that becomes a co-rumination.” [S2F5]

• Establishing privacy features is important for survivors to protect their identity and health information from their family and others.

• Quote 41: “And I think it’s not just me that you’re kind of targeting with a platform like this, it’s also especially for people who might be
younger and still living at home. You’re now getting the whole family. Because, with iPads and phones and emails and all these things now,
if folks are still living at home, their parents may also be seeing these notifications.” [S4F5]

• Quote 42: “I’d love to meet up with other individuals that have shared my experience one on one or even in a small group setting like this,
whether it be like an optional pen pal thing through the platform where you could talk one on one. And, you know, if you wanted to talk to
them through video that is your choice but make something so it’s secure so you’re not giving out personal information if you don’t want
to.” [S4F5]

• It is important that any communication on mHealth is moderated and not to be mistaken with medical or professional advice.

• Quote 43: “...I do kind of feel as though there might need to be some sort of like regulation on what is said. As much as like 100 percent
lived experiences and what people have gone through is so important and can be relayed, but I just would also worry that things would be
maybe not communicated clearly and I would just worry that like, ‘Oh, someone said that high dose vitamin C treatments at this random
clinic did something.’ And just that is the only like little thing in my ear that’s saying like just be careful is all.” [S3F5]

Health care providers’ perspective

• Any information shared with survivors of childhood cancer needs to be properly communicated by a health care provider.

• Quote 44: “You know I think it’s a good idea to have some sort of platform where survivors can [pause] I can’t think of the right word, that
they can look at and give them information. I do sometimes think I worry if they get information without back-up to discuss it and all, like
you can’t just tell somebody, ‘You’re going to be infertile’ and not go through it all, you know, discuss your options and that sort of thing.
That’s what I’m thinking from that perspective. [HP3]

• There is a concern for the capacity of health care providers to be able to serve the growing population of survivors of childhood cancer.

• Quote 45: “I mean, yeah, it’s, like I said, the big piece is just increasing capacity and then, yeah, looking at, if we’re going to continue on
this trend in terms of survivorship. And if we’re looking at having the seeing people indefinitely within [location], I don’t know if that’s the
case, then what’s the future hold...That’s what my concern is, is that we’re really, are we really providing the best service possible if we’re,
we have these volumes and we just don’t have the staff to really provide that support, that’s my main concern, I guess, where are things
going and is there going to be capacity to support it.” [HP4]

Validating Findings Facilitated Through Community
Engagement
A total of 31 participants, including survivors of childhood
cancer (n=10, 32%) and their caregivers (n=2, 6%), health care
providers (n=6, 19%), researchers (n=11, 35%, including 2
patient partners), and collaborators (n=2, 6%) participated in

the community engagement event to review and verify the
qualitative results gathered.

Small and Large Group Discussions
Participants endorsed the accuracy of themes derived regarding
the core components to be included in mHealth. Participants
explored additional contexts in the development of an mHealth
intervention, including considerations for family members (eg,
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families and siblings) and the practicalities of preserving privacy
and confidentiality on a technology-based intervention.
Participants also reported feeling heard through the graphic

recording process. The final graphic recording is shown in
Figure 1.

Figure 1. Graphic recording of the community engagement event on October 22, 2022. Illustration completed by Fuselight Creative.

Satisfaction Survey
Some participants (8/22, 36%) completed a web-based
questionnaire assessing participant engagement at the event.
On average, participants strongly agreed that they felt that their
views were heard (mean 5.00, SD 0.00) and that they were able
to discuss their views freely (mean 4.71, SD 0.45). Participants
also strongly agreed that they felt they had enough information
to contribute to the topics discussed (mean 4.71, SD 0.35) and
that a wide range of views on the topics were shared (mean
4.71, SD 0.45). Participants mostly agreed that they had a clear

understanding of the purpose of the community workshop (mean
4.14, SD 0.35). In addition, participants were asked to indicate
the extent to which they agreed that the community engagement
event objectives (ie, to co-design mHealth, to engage with
others, and to provide feedback on study results) were achieved,
and their responses ranged from mostly to strongly agreed (mean
scores ranging from 4.00 to 4.71, SD scores ranging from 0.45
to 0.83). Importantly, participants strongly agreed that they felt
confident that the input provided through this event would be
incorporated by the study team. A summary of participant
responses is reported in Tables 2 and 3.

Table 2. Participant responses to community engagement event evaluation (n=8)a for section 1 (overview of the workshop)b.

Responses, mean (SD)Overview of the workshop

4.14 (0.35)“I had a clear understanding of the purpose of this community workshop.”

4.86 (0.35)“I had enough information to contribute to the topics discussed.”

4.71 (0.45)“I was able to express my views freely.”

5.00 (0.00)“I felt that my views were heard.”

4.71 (0.45)“A wide range of views on the topics discussed were shared.”

aA total of 8 attendees, including 4 survivors of childhood cancer, 1 caregiver, 2 family members, and 1 researcher, completed the evaluation.
bAttendees were asked to rate the extent to which they agreed with statements in this table, using a rating scale where 1=strongly disagree and 5=strongly
agree.
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Table 3. Participant responses to community engagement event evaluation (n=8)a for section 2 (workshop objectives)b.

Responses, mean (SD)Workshop objectives

4.14 (0.83)“To describe the preliminary results from the study on improving follow-up care for survivors of childhood cancer.”

4.00 (0.76)“To co-design a platform for survivors of childhood cancer that is agreed upon within this community.”

4.71 (0.45)“To engage with other core community members (health care professionals, researchers, families, and caregivers).”

4.71 (0.45)“I am confident that the input provided through this community workshop will be used by the CARE4Kids team at the
University of Calgary.”

aA total of 8 attendees, including 4 survivors of childhood cancer, 1 caregiver, 2 family members, and 1 researcher, completed the evaluation.
bAttendees were asked to rate the extent to which they agreed that the objectives listed in this table were achieved, using the rating scale where 1=strongly
disagree and 5=strongly agree.

Discussion

Principal Findings
It is important that survivors of childhood cancer receive routine
health care follow-up, yet many survivors do not understand
the importance of their follow-up care or have limited
knowledge on their need for follow-up care. Our study aimed
to amplify the voices of young adult survivors of childhood
cancer in identifying the priority components to be included in
an mHealth intervention that can help educate and engage
survivors in their long-term follow-up care.

Our approach was unique in using co-design and a qualitative
research framework and adhering patient-oriented research
principles to engage in mHealth intervention development
[21,37]. We uniquely incorporated perspectives from survivors
of childhood cancer and health care providers that deliver
cancer-specific follow-up care. Patient partners collaborated
with our team over the entirety of the research process, including
study design, recruitment, data collection (ie, cofacilitation of
focus groups and interviews), interpretation of results, and
knowledge dissemination. Furthermore, a community
engagement activity was cofacilitated with patient partners to
enhance the validity of qualitative descriptive data gathered.

Limited mHealth interventions have been created with survivors
of childhood cancer despite its rising potential to improve health
[38]. Most efforts have focused on patients who are on active
cancer treatment. For instance, a systematic review indicated a
positive effect of mHealth interventions on improving the
health-related quality of life of adult patients with cancer [38].
Other studies have explored delivering a survivorship care plan
and an app for enhancing self-management for adolescents and
young adults [39]. Few studies have effectively engaged in the
co-design of mHealth, and even less work has been conducted
with young adult survivors of childhood cancer in this regard,
as well as with health care providers. Therefore, our work
provides important and novel insights from the perspectives of
individuals with lived experience of cancer and health care
providers regarding their follow-up care experiences.
Specifically, results shed light on the priority areas necessary
to increase knowledge of and engagement in follow-up care for
survivors of childhood cancer, establishing a critical foundation
in mHealth intervention development.

In total, 5 major themes were conceptualized as the priority
components of the mHealth intervention. Many of the themes

are consistent with the existing literature on the unmet needs
of survivors of childhood cancer. For example, survivors and
health care providers from our study identified a lack of
knowledge of diagnosis and treatment, as well as associated
late effects, for survivors. These results are consistent with past
work showing that most survivors of childhood cancer fail to
recognize their risk for developing a serious health condition
[11,40]. Furthermore, previous research indicates that survivors
of childhood cancer need a better way to learn about and engage
in their own health information [10,41]. Indeed, our findings
indicate a need for advanced means to deliver follow-up care
knowledge, such as the use of a mobile app or website, as well
as the need for creative features to enhance the follow-up care
experience, such as reminders for appointments and a cancer
profile to consolidate health history information.

Another notable theme generated was the need for more
education and support during health care transitions. This builds
on an extensive body of literature on health care transitions for
young adults impacted by cancer [42]. There are cancer-specific
risks and health care needs of survivors of childhood cancer
that are distinct from those with other chronic illnesses [43].
Therefore, our research lends further support for the importance
of personalized care for young adult survivors during their health
care transition from pediatric to adult health care, one that
prioritizes educating survivors on their potential late effects
related to their diagnosis and treatment, as well as the utility of
engaging in consistent surveillance to promote longer-term
optimal outcomes.

Survivors expressed some hesitation toward having regular
access to their cancer history information and therefore
discussed the importance of being able to have choice and
control in how they navigate mHealth. These findings are
consistent with existing work documenting experiences related
to posttraumatic stress experienced by survivors [44] and the
importance of prioritizing a trauma-informed approach in
intervention development.

Several other themes were generated from this study that are
novel and relevant to building an mHealth intervention for
survivors of childhood cancer. Survivors and health care
providers emphasized the importance of establishing connections
with other survivors and health care providers. These results
likely reflect a sense of disconnect that survivors experience
and a desire to broaden opportunities for meaningful
connections. Indeed, survivors spoke about the need to explore
their identity beyond their cancer journey. Taken together, these
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results are consistent with past work documenting that
adolescents and young adults with cancer experience substantial
psychosocial challenges, including peer and family relationships
and personal growth stresses [45]. Likewise, health care
providers echoed the importance of cultivating connections
among survivors to address feelings of isolation on their cancer
journey. Importantly, health care providers also highlighted a
desire to connect with other health care providers that provide
follow-up care across Canada, emphasizing the importance of
connecting with and consulting one another to stay informed
of current concerns and practices in survivorship. Few studies
have addressed the unmet needs of health care providers in
delivering follow-up care to survivors of childhood cancer [23].
Our study provides unique insight of both survivors and health
care providers, offering a more contextualized understanding
of how to improve follow-up care from multiple perspectives.

Issues related to accessibility of follow-up care and health equity
were a prominent finding from our research. These outcomes
contribute to our understanding of some of the geographic
barriers faced by survivors from rural or remote regions, as
reflected in our study sample. Developing an mHealth
intervention will aim to address these barriers by connecting
survivors to their follow-up care through technology. However,
barriers to health care are complex and dynamic and require
consideration of factors beyond the individual, including health
care providers and health care systems factors, to alleviate health
disparities [46]. Therefore, further work is needed to capture
the complete and intersecting effects of accessibility factors, as
well as other inequities faced by survivors of childhood cancer,
on their receipt of high-quality health care. These are important
considerations in intervention development to ensure that the
burden of change is not placed solely on survivors of childhood
cancer but rather recognized as a systemic problem that requires
multilevel intervention.

Our research incorporated a response validation technique,
member checking, to enhance the rigor of qualitative data
gathered. Previous qualitative work using member checking
lacked detail and discussion in the implementation of the
technique. Absence of this reporting may be confounded by
epistemological and methodological challenges [36]. In this
research, we conducted a comprehensive assessment and report
of member checking using a multiinformant, multimodal
approach to strengthen the credibility and validity of data
gathered. The strength of this approach is to demonstrate the
true and iterative process that we took to achieve consensus
among researchers and those with lived experiences in the
research process. Our goal with this undertaking is to enhance
the transparency, accessibility, and replicability of best practices
in qualitative health research.

Limitations and Future Directions
We review several important limitations to be considered when
interpreting the results of this study. A major strength of this
research was leveraging technology for participation (ie, online
focus groups and community engagement). This meant an
increase in accessibility to those residing in remote or rural
regions. However, reliance on technology also meant that
participants from lower levels of income, or some individuals

from geographically more remote or rural regions of Canada,
may face greater barriers to participating because they are less
likely to have access to technology. Future research
incorporating community outreach, phone-based participation,
or compensated travel to the local context can help to mitigate
this challenge in research recruitment. Input on how we can
account for potential technological limitations in reaching
individuals from more remote or rural regions of Canada will
be important as we build the intervention.

Research shows that a diversity of perspectives drives innovation
[47]. Participants from our study offered important insights into
accessibility issues that contribute to health inequities for
survivors of childhood cancer. However, our sample nonetheless
lacked representation and voice from individuals from diverse
backgrounds (eg, diversity in ethnicity, gender identity, sex,
language use, and geographic regions) and/or who are not
engaged in their follow-up care. We recognize that a potential
bias of our sample is that most of our sample reported attending
their follow-up care. We are missing the voices of individuals
who are not engaged in their care at this time, and future
research leveraging purposive sampling of those not regularly
attending their follow-up care would offer us important insights
into the barriers they face in attending care. In addition, there
is a notable disparity in gender representation of participants,
with 86% (19/22) of participants identifying as female gender.
Studies have found that female gender predicted attendance to
follow-up care, such that female participants were more likely
than male participants to attend follow-up care [48]. This bias
in our sampling reinforces that our findings reflect the views
of those who are attending their follow-up care. In addition,
there are many factors that contribute to a lack of gender
representation in cancer research, including researcher bias,
gender stereotypes, and unequal social opportunities [49].
Importantly, a review of gender representation trends in
psychosocial survivorship research showed that there is a trend
toward a more balanced representation of men and women over
a 15-year period (2007 and 1992) [49]. Taken together, our
skewed sample indicates an important need to continue to
engage with survivors from equity-deserving groups, particularly
given the increasing diversity of the Canadian population.

Research shows that members of equity-deserving groups face
significant barriers to accessing high-quality and accessible
health care [50,51]. Without knowledge of the perspectives and
experiences of these individuals, we are missing critical
information that can help to address health disparities and, in
turn, bring greater awareness to the importance of follow-up
care surveillance and attendance for those from underrepresented
and underserved communities. Implementation of safe, inclusive,
and culturally responsive recruitment strategies is needed to
increase representation in pediatric cancer research [52].

Finally, this study solicited feedback from participants and other
important parties to enhance the credibility and validity of the
results. We demonstrated rigor of data by using a multiinformant
and multimodal approach to achieve consensus. However, the
response rate for completing the satisfaction survey for our
community event was 36%, so responses gathered on patient
engagement may not be representative of feedback from most
attendees. Another limitation of our community engagement
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event is that we did not determine whether attendees included
those who previously participated in the focus groups and
interviews. Therefore, the feedback gathered at the community
event may be influenced by participants’ familiarity with the
study. Future research establishing and implementing a
comprehensive and systematic evaluation of patient and public
engagement is necessary to strengthen the rigor of our evaluative
framework and enhance patient engagement and research.

The next step of this multiphased project is to build an
innovative and accessible mHealth intervention prototype based
on the core components identified and grounded in an
established conceptual framework for co-design of intervention
development. Results from this study have provided the bedrock
to progress in our development of an mHealth intervention for

survivors of childhood cancer to enhance their knowledge of
and engagement in their follow-up care.

Conclusions
In this study, we identified core components to be included in
an mHealth intervention to increase the knowledge of and
enhance follow-up care engagement for survivors of childhood
cancer. We engaged in a rigorous and iterative co-design process
with survivors of childhood cancer and health care providers.
We incorporated a community engagement event to validate
our findings with a broader audience of community members.
Findings will inform the next phase of our multiphased,
co-design project, ultimately aiming to improve follow-up care
and long-term outcomes for survivors of childhood cancer.
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Abstract

Background: Male breast cancer (MBC) is an uncommon disease. Few studies have discussed the prognosis of MBC due to
its rarity.

Objective: This study aimed to develop a nomogram to predict the overall survival of patients with MBC and externally validate
it using cases from China.

Methods: Based on the Surveillance, Epidemiology, and End Results (SEER) database, male patients who were diagnosed with
breast cancer between January 2010, and December 2015, were enrolled. These patients were randomly assigned to either a
training set (n=1610) or a validation set (n=713) in a 7:3 ratio. Additionally, 22 MBC cases diagnosed at the First Affiliated
Hospital of Guangxi Medical University between January 2013 and June 2021 were used for external validation, with the follow-up
endpoint being June 10, 2023. Cox regression analysis was performed to identify significant risk variables and construct a
nomogram to predict the overall survival of patients with MBC. Information collected from the test set was applied to validate
the model. The concordance index (C-index), receiver operating characteristic (ROC) curve, decision curve analysis (DCA), and
a Kaplan-Meier survival curve were used to evaluate the accuracy and reliability of the model.

Results: A total of 2301 patients with MBC in the SEER database and 22 patients with MBC from the study hospital were
included. The predictive model included 7 variables: age (hazard ratio [HR] 1.89, 95% CI 1.50‐2.38), surgery (HR 0.38, 95%
CI 0.29‐0.51), marital status (HR 0.75, 95% CI 0.63‐0.89), tumor stage (HR 1.17, 95% CI 1.05‐1.29), clinical stage (HR
1.41, 95% CI 1.15‐1.74), chemotherapy (HR 0.62, 95% CI 0.50‐0.75), and HER2 status (HR 2.68, 95% CI 1.20‐5.98). The
C-index was 0.72, 0.747, and 0.981 in the training set, internal validation set, and external validation set, respectively. The
nomogram showed accurate calibration, and the ROC curve confirmed the advantage of the model in clinical validity. The DCA
analysis indicated that the model had good clinical applicability. Furthermore, the nomogram classification allowed for more
accurate differentiation of risk subgroups, and patients with low-risk MBC demonstrated substantially improved survival outcomes
compared with medium- and high-risk patients (P<.001).

Conclusions: A survival prognosis prediction nomogram with 7 variables for patients with MBC was constructed in this study.
The model can predict the survival outcome of these patients and provide a scientific basis for clinical diagnosis and treatment.

(JMIR Cancer 2025;11:e54625)   doi:10.2196/54625

KEYWORDS

male breast cancer; specific survival; prediction model; nomogram; Surveillance, Epidemiology, and End Results database; SEER
database

Introduction

Male breast cancer (MBC) is an infrequent type of malignancy
[1,2]. The incidence of MBC accounts for less than 1% of all
breast cancer (BC) instances, and MBC accounts for 0.31% of

all BC cases in China [3-5]. The incidence of MBC varies by
region and ethnicity, with higher rates observed in Africa, North
America, and Australia, and the lowest rates are observed in
Asia [6]. In China, there are only 4 cases of MBC per million
people, but this figure has been increasing gradually in recent
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years [6]. Due to the low incidence of MBC, current research
on BC primarily focuses on female patients [7]. Therefore, the
current treatment for MBC is based on the guidelines for treating
female BC [8]. However, MBC possesses unique tumor,
molecular, and clinicopathological characteristics, and no
consensus has been established regarding its diagnosis,
treatment, and assessment of prognostic risk factors. A previous
study revealed that the median age at diagnosis for BC in men
is 67 years old, which is 5‐10 years later than that in women
[9]. Despite this, the overall survival of MBC is significantly
lower than that of female BC, largely due to late diagnosis [10].

The TNM (tumor, extent of spread to the lymph nodes, and
presence of metastasis) staging system is the most commonly
used clinical instrument to evaluate the prognosis of individuals
with cancer [11-13]. However, in MBC, the limited amount of
breast tissue and the frequent involvement of the chest wall at
early stages reduce the prognostic value of TNM staging [14].
Many studies have demonstrated that factors such as age, tumor
type, and other factors significantly influence the prognosis of
BC [15,16]. Compared to using the clinical stage alone,
comprehensive multivariate models can provide numerical
estimates of practice-specific risk and the accuracy of prognostic
predictions for patients with cancer [17]. Therefore, various
clinical medical records need to be combined to construct a
prognostic model for MBC, thus enabling a more accurate
judgment of the prognosis of patients and an accurate, individual
evaluation of the prognosis of patients.

Current clinical approaches for constructing risk prediction
models include the nomogram, a scoring system, and other
methods, which can serve as a guide for clinical decision-making
and individualized treatment [18-20]. The nomogram, as a
straightforward and intuitive prediction tool with strong
predictive ability, has the advantages of accurate predictive
ability and calibration ability, and it has been widely used in
prognosis research [21-23].

This study aimed to identify the prognostic indicators of patients
with MBC by using the Surveillance, Epidemiology, and End
Results (SEER) database; establish a predictive model on the
basis of the independent predictors of overall survival; and
internally and externally validate the model to guide clinical
staff in evaluating the prognosis of patients more accurately
and formulating more personalized diagnosis and treatment
plans. We present the study in accordance with the TRIPOD
reporting checklist.

Methods

Data Sources
The SEER database collects information on new cancer cases
and survival rates from 18 population-based cancer registries,
which currently cover approximately 30% of the US population
[22]. Clinical data on male patients with pathologically
confirmed BC from 2010 to 2015 were gathered using the SEER
database to establish a training set and an internal validation
set. Data from patients with MBC admitted to the First Affiliated
Hospital of Guangxi Medical University between 2013 and
2021 were used for the external validation set of the model.

Clinical data for MBC were retrospectively collected from the
hospital database, and follow-up information was obtained
through telephone interviews. Patients with missing follow-up
data or other essential clinical information were excluded.

Patient Inclusion and Exclusion Criteria
The criteria for patient inclusion were as follows: (1) male
patients; (2) an International Classification of Diseases for
Oncology, Third Revision code; (3) breast as the primary site;
and (4) complete survival data. The exclusion criteria were (1)
missing clinical information, including TNM staging and tumor
laterality; (2) unknown demographic characteristics, such as
age at diagnosis and marital status; and (3) instances without
records of follow-up (0-month survival time code). The enrolled
patients were randomly assigned in a 7:3 ratio to two sets: a
training set and an internal validation set. The training set was
used to develop the prediction model, and the internal validation
set was used for internal validation. The data obtained at the
hospital were applied for external validation.

Variable Selection
The outcome variable in this study was overall survival. The
selection of predictor variables was informed by previous reports
in the literature. The variables collected included year of
diagnosis, age, marital status, pathological grade, breast subtype,
estrogen receptor, progesterone receptor, human epidermal
growth factor receptor 2 (HER2), American Joint Committee
on Cancer stage, chemotherapy, surgery, radiotherapy, duration
of follow-up, and death.

Follow-Up of Patients
Male patients with BC were followed up by telephone in the
hospital, and the follow-up ended on June 10, 2023. The index
used for follow-up was overall survival time, with the outcome
event being mortality.

Statistical Analysis
Data analysis was conducted using the R software version 4.1.1
(IBM Corp). Percentages were used to represent categorical

variables, and the χ2 test or Fisher exact test was used to
compare the baseline characteristics of the training set, internal
validation set, and external validation set. The Kaplan-Meier
model was applied to describe the overall survival curve, and
the log-rank test was used to evaluate the disparities in survival
among various subgroups of each variable. First, variables that
had a significance value of P<.05 in the univariate analysis were
chosen to be incorporated into the multivariate Cox proportional
hazard model to obtain variables affecting the survival of
patients with MBC. Second, stepwise regression was performed
based on the Akaike information criterion. The nomogram
prediction model was constructed using R software (via the rms
and survival R packages) to assess the influence of risk factors
on the overall survival of patients with MBC. Predictions were
made for the 1-, 3-, and 5-year overall survival rates of patients
with MBC by constructing the nomogram.

The performance of the nomogram was evaluated through
internal and external validations. Bootstrapping was used to
perform 1000 instances of resampling to internally validate the
predictive performance of the nomogram to ensure the stability
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and reliability of the model’s performance. The discrimination
of the nomogram was assessed using the Concordance index
(C-index) and receiver operating characteristic (ROC) curve.
A calibration curve was created to assess the degree of
calibration of the nomogram to ensure its accuracy and
reliability. Furthermore, decision curve analysis (DCA) was
conducted using ggDCA in the R package, to evaluate the
clinical utility and application value of the nomogram. Finally,
X-tile software (version 3.6.1, Yale University School of
Medicine) was used for risk stratification on the basis of the
total score of the nomogram for each individual. An α level of
.05 was used.

Ethical Considerations
The data used in this study were extracted from a publicly
accessible SEER database. This study was reviewed and
approved by the Medical Ethics Committee of the First
Affiliated Hospital of Guangxi Medical University
(2023-E320-01). During the follow-up, informed consent was
obtained orally from individual participants included in the
study, and the investigator explained the purpose of the study
to the patient or caregiver. Participants were also made aware
of their right to withdraw at any time without penalty or
prejudice to their future care, a principle that was strictly adhered
to throughout the study period. In addition, participants who
completed the survey received a complimentary disease
knowledge resource as a token of appreciation and compensation
for their participation, All participants’ information was
confidential, and each patient was assigned an ID to keep the
study data and results anonymous.

Results

Patients’ Baseline Characteristics
Figure 1 depicts the screening procedure in the SEER database.
In accordance with the inclusion and exclusion criteria, a cohort
of 2301 eligible patients with MBC was selected from the SEER
database and randomly divided into a training set (n=1595) and
an internal validation set (n=706). A total of 22 patients with
MBC were chosen from the institution to serve as an external
validation set. Significant variations in age were observed among
the 3 groups in relation to demographic characteristics (P=.01).
The proportion of older men in the SEER database (training
set: 1180/1595, 74%; internal validation set: 505/706, 71.5%)
was substantially greater than that in the external validation set
(9/22, 41%). Significant differences were found in
chemotherapy, lung metastasis, breast subtype, and HER2 status
among the 3 groups (all P<.05). The proportion of men with
breast cancer who received chemotherapy was higher in the
external validation set (17/22, 77%) than in the SEER database
(training set: 601/1595, 37.7%; internal validation set: 257/706,
36.4%). The incidence of lung metastasis in patients with MBC
in the external validation set (3/22, 14%) was higher than that
in the SEER database (training set: 49/1595, 3.1%; internal
validation set: 24/706, 3.4%). There was a high prevalence of
luminal A among men, with rates of 86.7% (1379/1595) and
85% (607/706) in the training set and internal validation set,
respectively, as well as 41% (9/22) in the external validation
set. A notable detail is that a significant portion of the total
population exhibited a HER2-negative status accounting for
88.6% (1413/1595) in the training set, 87.5% (618/706) in the
internal validation set, and 59% (13/22) in the external validation
set. Table 1 displays the demographic and clinicopathological
characteristics.
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Figure 1. Flow chart for inclusion and partition of patients.
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Table . Demographics and clinicopathologic characteristics of male breast cancer.

P valueExternal validation set
(n=22)

Internal validation set
(n=706)

Training set (n=1595)Total (n=2323)Variables

.10aMarital status, n (%)

3 (14)250 (35.4)544 (34.1)797 (34.3)    Unmarried

19 (86)456 (64.6)1051 (65.9)1526 (65.7)    Married

.01aAge, n (%)

13 (59)201 (28.5)415 (26)629 (27.1)    ≤60 years

9 (41)505 (71.5)1180 (74)1694 (72.9)    >60 years

.07cTb stage, n (%)

3 (14)11 (1.6)25 (1.6)39 (1.7)    T0

7 (32)323 (45.8)717 (45)1047 (45.1)    T1

11 (50)285 (40.4)675 (42.3)971 (41.8)    T2

1 (5)23 (3.3)46 (2.9)70 (3)    T3

0 (0)64 (9.1)132 (8.3)196 (8.4)    T4

.30cN stage, n (%)d

9 (41)409 (57.9)896 (56.2)1314 (56.6)    N0

11 (50)205 (29)488 (30.6)704 (30.3)    N1

0 (0)56 (7.9)132 (8.3)188 (8.1)    N2

2 (9)36 (5.1)79 (5)117 (5)    N3

.53aMe stage, n (%)

19 (86)646 (91.5)1466 (91.9)2131 (91.7)    M0

3 (14)60 (8.5)129 (8.1)192 (8.3)    M1

.79cClinical stage, n (%)

0 (0)0 (0)1 (0.1)1 (0)    0

5 (23)232 (32.9)496 (31.1)733 (31.6)    I

12 (55)304 (43.1)704 (44.1)1020 (43.9)    II

2 (9)110 (15.6)265 (16.6)377 (16.2)    III

3 (14)60 (8.5)129 (8.1)192 (8.3)    IV

.93cLaterality, n (%)

11 (50)331 (46.9)731 (45.8)1073 (46.2)    Right

11 (50)374 (53)860 (53.9)1245 (53.6)    Left

0 (0)1 (0.1)4 (0.2)5 (0.2)    Bilateral

.65aSurgery, n (%)

20 (91)650 (92.1)1449 (90.8)2119 (91.2)    Yes

2 (9)56 (7.9)146 (9.2)204 (8.8)    No

.37aRadiation, n (%)

4 (18)228 (32.3)515 (32.3)747 (32.2)    Yes

18 (82)478 (67.7)1080 (67.7)1576 (67.8)    No

<.001aChemotherapy, n (%)

17 (77)257 (36.4)601 (37.7)875 (37.7)    Yes
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P valueExternal validation set
(n=22)

Internal validation set
(n=706)

Training set (n=1595)Total (n=2323)Variables

5 (23)449 (63.6)994 (62.3)1448 (62.3)    No

.59cBone metastasis, n (%)

2 (9)42 (5.9)89 (5.6)133 (5.7)    Yes

20 (91)664 (94.1)1503 (94.2)2187 (94.1)    No

0 (0)0 (0)3 (0.2)3 (0.1)    Unknown

.49cBrain metastasis, n (%)

0 (0)2 (0.3)12 (0.8)14 (0.6)    Yes

22 (100)703 (99.6)1577 (98.9)2302 (99.1)    No

0 (0)1 (0.1)6 (0.4)7 (0.3)    Unknown

.42cLiver metastasis, n (%)

0 (0)9 (1.3)15 (0.9)24 (1)    Yes

22 (100)697 (98.7)1574 (98.7)2293 (98.7)    No

0 (0)0 (0)6 (0.4)6 (0.3)    Unknown

.04aLung metastasis, n (%)

3 (14)24 (3.4)49 (3.1)76 (3.3)    Yes

19 (86)682 (96.6)1539 (96.5)2240 (96.4)    No

0 (0)0 (0)7 (0.4)7 (0.3)    Unknown

<.001aBreast subtype, n (%)

9 (41)607 (86)1379 (86.5)1995 (85.9)    Luminal A

10 (45)82 (11.6)168 (10.5)260 (11.2)    Luminal B

2 (9)6 (0.8)14 (0.9)22 (0.9)    HER2f -positive

1 (5)11 (1.6)34 (2.1)46 (2)    Triple-negative

.14aEstrogen receptor status, n (%)

2 (9)18 (2.5)52 (3.3)72 (3.1)    Negative

20 (91)688 (97.5)1543 (96.7)2251 (96.9)    Positive

.06aProgesterone receptor status, n (%)

3 (14)54 (7.6)167 (10.5)224 (9.6)    Negative

19 (86)652 (92.4)1428 (89.5)2099 (90.4)    Positive

.01aHER2 status, n (%)

13 (59)618 (87.5)1413 (88.6)2044 (88)    Negative

9 (41)88 (12.5)182 (11.4)279 (12)    Positive

aChi-square test was performed.
bT: tumor.
cFisher precision probability test was performed.
dN: lymph nodes.
eM: metastasis.
fHER2: human epidermal growth factor receptor 2.

The data of 22 male patients diagnosed with BC in the study
hospital were collected. Statistically significant differences were
observed between the two groups in terms of age, T stage,
chemotherapy, breast subtype, and HER2 status (P<.05). In the
unit set, ≤60 years old, T2 stage, receiving chemotherapy,

luminal B, and HER2-positive status accounted for a greater
proportion of patients with MBC. The clinicopathological
characteristics of the SEER set and the unit set are provided in
Multimedia Appendix 1.
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Univariate and Multivariate Cox Regression Analysis
Cox regression risk analysis was applied to conduct univariate
and multivariate survival analysis for the patients with MBC in
the training set. The findings indicated that age (hazard ratio
[HR] 1.89, 95% CI 1.50‐2.38), marital status (HR 0.75, 95%

CI 0.63‐0.89), T stage (HR 1.17, 95% CI 1.05‐1.29), clinical
grade (HR 1.41, 95% CI 1.15‐1.74), surgery (HR 0.38, 95%
CI 0.29‐0.51), chemotherapy (HR 0.62, 95% CI 0.50‐0.75),
and HER2 status (HR 2.68, 95% CI 1.20‐5.98) were risk
variables for the survival of patients with MBC (all P<.05; Table
2).

Table . Univariate and multivariate analysis of male breast cancer risk factors in the training set.

MultivariateUnivariateVariable

P valueHR (95% CI)P valueHRa (95% CI)

.010.75 (0.63‐0.89)<.0010.71 (0.60‐0.84)Marital status

<.0011.89 (1.50‐2.38)<.0011.74 (1.39‐2.16)Age

.041.17 (1.05‐1.29)<.0011.45 (1.33‐1.58)Tb stage

.671.03 (0.90‐1.17)<.0011.23 (1.12‐1.35)Nc stage

.811.08 (0.61‐1.91)<.0015.19 (4.18‐6.45)Md stage

.011.41 (1.15‐1.74)<.0011.86 (1.70‐2.04)Clinical stage

——e.991.00 (0.85‐1.19)Laterality

<.0010.38 (0.29‐0.51)<.0010.18 (0.15‐0.22)Surgery

——.840.98 (0.82‐1.18)Radiation

<.0010.62 (0.50‐0.75).0060.78 (0.65‐0.93)Chemotherapy

.120.71 (0.46‐1.10)<.0010.18 (0.14‐0.24)Bone metastasis

.120.53 (0.24‐1.17)<.0010.21 (0.09‐0.49)Brain metastasis

.790.91 (0.47‐1.80)<.0010.20 (0.10‐0.41)Liver metastasis

.930.98 (0.69‐1.40)<.0010.25 (0.17‐0.35)Lung metastasis

.072.03 (0.95‐4.30).191.16 (0.93‐1.44)Breast subtype

.391.86 (0.45‐7.76)<.0010.44 (0.29‐0.65)Estrogen receptor status

.560.91 (0.67‐1.24)<.0010.64 (0.50‐0.83)Progesterone receptor status

.022.68 (1.20‐5.98).031.31 (1.02‐1.68)HER2f status

aHR: hazard ratio.
bT: tumor.
cN: lymph node.
dM: metastasis.
eVariables that were not significant in the univariate analysis do not have specific data in the multivariate analysis.
fHER2: human epidermal growth factor receptor 2.

Construction and Validation of Nomogram
The construction of a nomogram for the overall survival
prognosis of MBC was based on the results of the Cox
regression analysis conducted on the training set. This analysis
identified 7 variables that were subsequently used in the

development of the nomogram (Figure 2). The nomogram
demonstrated that clinical stage and surgery were the primary
vital risk variables that affect the survival outcomes of patients
with MBC. The total score could predict the 1-, 3-, and 5-year
survival rates of patients with MBC by summing the scores of
each variable.
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Figure 2. Nomogram for predicting 1-, 3- and 5-year overall survival in patients with male breast cancer. HER2: human epidermal growth factor
receptor 2; T: tumor.

The discrimination ability of the nomogram was evaluated in
this study by using the ROC curve and the C-index. The area
under the curve values of the nomogram at 1-, 3-, and 5-year
survival probabilities had excellent discrimination efficacy in
the training set (Figure 3A-C). The area under the curve values
in the internal validation set were 0.736, 0.773, and 0.765
(Figure 3D-F), and the external validation set values were 1,
0.947, and 0.825 (Figure 3G-I). The C-index of the training set
was determined using the bootstrap method, and the C-index
of the external validation set was 0.72, 0.747, and 0.981 for the
at 1-, 3-, and 5-year survival, respectively, indicating that the

nomogram exhibited a favorable discriminatory capability in
the American and Chinese populations.

The calibration curves were used to evaluate the consistency of
the nomogram. The findings indicated a high degree of
uniformity between the predicted and observed probabilities of
survival in the training set (Figure 4A-C) and internal validation
set (Figure 4D-F).

The DCA curve demonstrated that the nomogram exhibited
superior performance in terms of net clinical benefit and
predictive accuracy for 3- and 5-year survival outcomes in the
training set (Figure 5A) and internal validation set (Figure 5B).
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Figure 3. Receiver operating characteristic curve of prediction of 1-, 3-, and 5-year survival in the training set (A-C), internal validation set (D-F), and
external validation set (G–I). AUC: area under the curve.
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Figure 4. Calibration curve of 1-, 3-, and 5-year overall survival in the training set (A-C) and internal validation set (D-F). The errors bars represent
the 95% CI of these estimates.
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Figure 5. Decision curve analysis of 1-, 3- and 5-year survival in the training set (A) and the internal validation set (B).

Nomogram Prediction Score Risk Stratification
Finally, risk stratification was conducted by calculating the
nomogram total score of each individual in the training set
(Table 3). After the cut-off values were determined using X-tile
software, all patients with MBC were divided into 3 groups:
low-risk group (points≤93), medium-risk group

(93<points≤117), and high-risk group (points>117). The survival
curves of each risk group were depicted using the Kaplan-Meier
model in the training set (Figure 6A) and internal validation set
(Figure 6B). A log-rank test was used to compare the differences
between the groups to assess the accuracy of risk stratification
on the basis of the nomogram score.
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Table . Nomogram score of male breast cancer survival.

PointsVariable

Age

0    ≤60 years

15    >60 years

Surgery

0    Yes

25    No

Marital status

7    Unmarried

0    Married

Ta stage

4    T0

0    T1

8    T2

16    T3

15    T4

Clinical stage

0    0

73    I

74    II

86    III

100    IV

Chemotherapy

0    Yes

10    No

HER2b status

8    Positive

0    Negative

aT: tumor.
bHER2: human epidermal growth factor receptor 2.
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Figure 6. Analysis of survival based on risk stratification. Kaplan-Meier curve for patients categorized as low-risk, medium-risk, or high-risk in the
training set (A) and internal validation set (B).

Discussion

Principal Findings
In this study, we developed a nomogram to predict survival in
MBC based on the SEER database and validated it using both
an internal validation dataset from this database and an external
validation cohort from a single center. We identified 7
independent risk factors and incorporated them into the
nomogram to predict the survival of patients with MBC. The
results of both internal and external validation demonstrated
that the nomogram exhibited good accuracy and discriminative
power, confirming the robustness of the prediction model.

MBC has a low incidence and is a rare malignancy [24].
However, MBC exhibits a delayed onset, presents as a more
advanced disease, and has a less unfavorable prognosis than
female BC [25]. Due to its rarity, MBC is often overlooked in
clinical practice. The assessment of prognosis in MBC holds
considerable importance for facilitating the implementation of
comprehensive treatment strategies. This study used the clinical
data of 1595 patients with MBC from the SEER database to
establish a nomogram for prognosticating the survival in MBC.
The bootstrap method was used for internal validation, and
external validation was performed in the hospital cohort. The
ROC curve, C-index, and calibration curve were used to assess
the discrimination and reliability of the nomogram. Additionally,
the clinical benefit and application value of the nomogram were
evaluated using the DCA curve. The findings demonstrated that
the nomogram can accurately and individually predict the
survival outcomes of patients with MBC. This predictive tool
holds the potential for informing clinical decision-making and
guiding the development of appropriate diagnostic and
therapeutic strategies.

Previous studies analyzed the influencing factors of MBC
survival by using univariate and multivariate Cox proportional
hazards regression models [26,27]. Compared with traditional
multivariate regression, least absolute shrinkage and selection

operator (LASSO) regression is widely regarded as a superior
approach for variable selection owing to its ability to mitigate
model complexity, minimizing overfitting by incorporating a
loss function or a penalty term into the objective function. In
this study, the LASSO regression algorithm identified 7
variables (age, surgery, marital status, T stage, clinical stage,
chemotherapy, and HER2 status) as factors that are associated
with the prognosis of MBC. This detail has also been recognized
in other studies [9,28]. Based on the aforementioned variables,
a nomogram prediction model that significantly enhanced the
clinical applicability within various clinical scenarios was
developed. The nomogram exhibited good discrimination,
consistency, and clinical validity in the training set and
validation set. It may guide clinical decision-making for these
patients more effectively.

Age was identified as a significant risk factor for the survival
of patients with MBC in the nomogram, and individuals aged
over 60 years had higher mortality, consistent with prior studies
[28,29]. This finding may be related to the presence of more
comorbidities in older patients [28]. Surgery and chemotherapy
are essential for determining the prognosis of patients with MBC
who are undergoing treatment, a finding that is similar to that
of previous studies [30-32]. A recent study conducted by Wang
et al [33] indicated that patients diagnosed with MBC who
received surgery or chemotherapy exhibited a more favorable
prognosis than individuals who did not undergo these treatments.
The prognostic significance of marital status was observed, with
unmarried patients exhibiting a poorer prognosis [34-36]. The
reason for this result may be that unmarried patients with MBC
experience more significant psychological distress, including
feelings of sadness and anxiety, compared to married patients
[37], and they may demonstrate greater adherence to treatment
regimens [38], which could improve cancer management.
Additionally, this study provided evidence to support the notion
that the T stage and clinical stage are prognostic indicators for
MBC [39,40]. Among the 7 parameters in the nomogram, the
clinical stage showed the most significant influence on overall
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survival, and patients with stages III and IV MBC had the worst
prognosis. One study in Serbia showed that low initial disease
stage and low tumor grade are independent predictors of a good
prognosis in patients with MBC [41]. In addition, having a
HER2-positive tumor is widely acknowledged as a significant
prognostic factor for MBC, and this observation has been
corroborated by other investigations [42-44].

In this study, the average age of onset of Chinese patients with
MBC may be younger than that of patients in the SEER
database, which is similar to the onset characteristics of female
patients with BC [45]. In addition, the hospital exhibited a higher
proportion of patients in the early T stage than the SEER
database. The proportion of patients undergoing chemotherapy
was significantly greater than that in the SEER database,
contributing to the favorable prognosis observed in Chinese
patients with MBC.

Constructing a nomogram for the survival of patients with MBC
can be beneficial for medical staff to intuitively analyze the
weight of risk factors and the corresponding survival
probabilities of patients. These survival probabilities can be
used as a basis for stratification. The patients were classified
into 3 groups: low-, medium-, and high-risk. For example, a
patient with MBC that is over 60 years old, is married, has
undergone surgery and chemotherapy, has a T grade of T2, has
a tumor stage of II, and has a HER2-positive tumor, would have
a total score of approximately 105, belonging to the medium-risk
group for survival. Therefore, the medical staff should take
relevant measures to timely manage and improve the prognosis
of this patient. In clinical practice, the proposed model can be
used to determine and evaluate the survival rate and prognosis
of patients with MBC. This approach aims to provide
personalized and accurate survival rate and prognosis and then
develop targeted clinical decisions for patients with MBC.

Strength and Limitations
Our study has the following strengths. First, the existing
prognostic models for BC have a focus on female BC, and little
focus has been given to MBC. The study aims to develop a
prognostic model specifically for this group. Second, the SEER

database included a large and diverse cohort, ensuring robust
and representative results. In addition, external validation using
datasets from our own hospital further confirmed the model’s
accuracy and generalizability.

However, this study has some limitations. First, as a
retrospective study, it is subject to selection bias. Second,
important variables, such as endocrine therapy, BMI, and the
cellular proliferation marker Ki-67, are not included in the SEER
database, which may limit the accuracy and effectiveness of the
nomogram. Finally, the external validation sample size in this
study was limited, including only retrospective data from a
single health care institution, and the predictive ability of the
model for the Chinese population needs to be further verified
using a large sample of data.

Future Directions
Future studies should consider incorporating data from
multicenter cohorts to increase the sample size, thereby
enhancing the accuracy and generalizability of survival
prediction models for MBC. By collecting data from diverse
geographic locations, researchers can ensure that the model
captures a broader range of clinical variables, improving its
robustness and applicability. Additionally, prospective cohort
studies should be conducted to externally validate the model in
real-world clinical settings and assess its practical utility in daily
clinical decision-making for MBC. Furthermore, integrating
additional datasets that include critical variables, such as BMI
and the cellular proliferation marker Ki-67, would further
strengthen the model’s predictive power.

Conclusion
In summary, a nomogram was developed using 7 variables to
predict the prognosis of patients with MBC, and age, surgery,
marital status, T stage, clinical stage, and HER2 status were
identified as independent risk factors for predicting the survival
of patients with MBC. Internal and external verifications proved
that the model has good accuracy and reliability. Thus, it could
serve as an accurate and individualized tool that clinicians could
use for decision-making.
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Abstract

Background: Patients with cancer need coordinated care for both treatment and concurrent health conditions. This requires
collaboration among specialists when using telemedicine services, emphasizing the importance of care continuity.

Objective: This study aimed to explore the effects of cross-sectorial video consultation involving oncologists, general practitioners,
and patients with cancer on patients’ perceived coordination of care, compared with usual care.

Methods: This study describes the primary outcomes from a 7-month follow-up of patients in the Partnership Project, a
randomized clinical trial. Patients in the intervention group were randomized to receive a “partnership consultation,” a shared
video consultation with an oncologist, general practitioners, and the patient, in addition to their usual care. Questionnaires were
completed for both groups at baseline and 7 months to assess the primary outcome, “global assessment of inter-sectorial
cooperation,” from the Danish questionnaire “Patients’ attitude to the health care service.” The questionnaire also included 2
single items and 5 index scales, examining patients’ attitude toward cooperation in the health care system. Change in perceived
global coordination from baseline to 7 months was compared between intention-to-treat groups using generalized estimating
equations in a linear regression model.

Results: A total of 278 participants were randomized with 1:1 allocation, with 80 patients receiving the intervention. Further,
210 patients completed the questionnaire at baseline, while 118 responded at 7-month follow-up. The estimated difference in the
primary outcome between usual care (−0.13, 95% CI −0.38 to 0.12) and intervention (0.11, 95% CI −0.11 to 0.34) was 0.24 (95%
CI −0.09 to 0.58) and not statistically significant (P=.15).

Conclusions: Low rates of intervention completion and high levels of missing data compromised the interpretability of our
study. While we observed a high level of global assessment of coordination, the estimated intervention effect was smaller than
anticipated, with no significant difference in perceived coordination between control and intervention groups. Future studies
should explore strategies like patient incentives to increase response rate and improve the evaluation of this innovative health
care model.

Trial Registration: ClinicalTrials.gov NCT02716168; https://clinicaltrials.gov/study/NCT02716168

International Registered Report Identifier (IRRID): RR2-10.1186/s12875-019-0978-8

(JMIR Cancer 2025;11:e60158)   doi:10.2196/60158

KEYWORDS

randomized controlled trials; video consultations; outcome assessment; patients’ satisfaction; patients’ care coordination;
interprofessional relations; cancer

Introduction

Health care systems increasingly use digital technology to
improve quality of health care services across a spectrum of
medical issues including critical conditions like cancer [1].

Notably, over the past 2 decades, there has been a growing
deployment of telemedicine technologies, making a
transformative shift in how health care is delivered and
experienced [2].
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Patients with cancer have distinctive medical requirements,
including both cancer therapy and treatment of concurrent health
conditions [3]. Addressing these needs involves engaging
various specialties and health professionals, using specialized
telemedicine care services, and ensuring continuity of care
throughout and after cancer treatment. This necessitates a higher
level of care coordination [4]. However, both patients and health
care providers face challenges in coordinating care and
communication patterns, as evidence by logistic issues such as
technological problems which hinder effective telemedicine
practices [5,6]. To mitigate such challenges, shared care models
have been proposed as a promising approach [7]. These models
allow patients to benefit from the expertise of specialists, while
maintaining the care through the primary care providers. By
bringing together the patients, general practitioners (GPs), and
oncologist in a shared video consultation, telemedicine offers
a powerful solution to improve care coordination. A recent study
further supports the benefits of telemedicine as its ability to
improve care coordination, and better management patients’
health needs through enhanced communication [8]. Therefore,
efforts to assist patients with cancer have shifted toward
patient-centered communication approaches [6], so that over
time, such approaches for these patients are rapidly expanding
and diversifying [9]. Based on a previous study, these
approaches may have varying impact on patients’outcomes and
perceptions [9]. Furthermore, application of such approaches
in combination with virtual consultations may have diverse
effects on outcomes, as they may interact differently with each
patient’s unique health needs. This aligns with the health care
providers’ perspective, who advocate patient-centered
approaches in cancer care [9]. Despite such widespread
advocacy, there is limited consensus on definition and methods
to achieve patient-centered care [9].

A previous meta-analysis on cancer care coordination suggests
that implementation of cancer-care coordination approaches
resulted in positive changes in majority of measured outcomes
(eg, overall patients’ experience on cancer care, quality of
end-of-life care, etc). The study recommended the development
of new intervention models and care coordination strategies to
enhance patients’ self-management [10]. Notably, none of the
studies included in this meta-analysis applied a virtual
intervention mode [10].

We hypothesized that virtual shared models involving
specialists, primary care providers, and patients could more
effectively address optimal outcomes for patients with cancer
[3]. Hence, this study aims to investigate the effects of a shared
video consultation including oncologists, GPs, and patients with
cancer on the patients’ perceived coordination of care.

Methods

Study Design
This study is a randomized controlled trial entitled “The
Partnership Project’ (PSP)” [11]. The protocol and details of
the study have been published previously [11-13]. This paper
now presents the primary outcome based on a 7-month follow-up
survey on patients’ participation in a shared video-based
consultation.

Participants and Setting
All newly diagnosed patients with any type of cancer receiving
treatment with chemotherapy for the first time at the Department
of Oncology, Lillebælt Hospital, University Hospital of Southern
Denmark were invited for the study. The eligibility criteria were
age above 18 years, proficiency in speaking and reading Danish,
and having an estimation from an oncologist indicating a
survival time of more than 7 months.

Multimedia Appendix 1 provides an explanation of the initial
sample size that was previously published [14]. Since patient
inclusion matched the predetermined sample size, the trial was
ended.

Usual Care
The control group was randomized to receive “usual care” in
terms of standard information exchanging between the
department of oncology and primary care. This involved sending
an electronic summary letter to the GP after each visit to the
department of oncology. GPs and the hospital can communicate
by phone if needed. In addition, patients may reach out to their
GP or a designated coordinator at the department of oncology.

Intervention
Patients in the intervention group were randomized to receive
a “partnership consultation,” which was a shared video
consultation involving an oncologist, GP, and patients with
cancer, alongside their “usual care.” GPs were contacted only
after obtaining patients’ consent, and the GP had the option to
refuse participation. Three to 6 weeks in advance, the sessions
were scheduled during regular clinic hours. Patients were given
the option to choose either the GPs’ office or the oncologist’s
office for their consultations. In case the patient preferred to sit
by the GP, the video consultation took place in that way, with
the oncologist alone in his or her office at the hospital. GPs or
oncologists may have had more than 1 patient in the intervention
group. However, we do not have specific information about the
individual oncologist for each patient in our database. The
consultations were chaired by an oncologist within 12 weeks
from the time of inclusion. Before the consultation, oncologists
and GPs received information including a consultation guide
with themes that may be relevant (Multimedia Appendix 2).
Typically, the oncologist was assisted by an oncology nurse. A
summary of the consultation was recorded in the hospital
electronic patient record, shared with the GP, and accessible
for the patient at an online portal (sundhed) for medical reports
in Denmark.

Three to 6 weeks in advance, the sessions were scheduled during
regular clinic hours. Patients were given the option to choose
either the GPs’ office or the oncologist’s office for their
consultations. In case the patient preferred to sit by the GP, the
video consultation took place in that way, with the oncologist
alone in his or her office at the hospital.

GPs or oncologists may have had more than 1 patient in the
intervention group. However, we do not have specific
information about the individual oncologist for each patient in
our database.
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The consultations were chaired by an oncologist within 12 weeks
from the time of inclusion.

Prior to the consultation, oncologists and GPs received
information including a consultation guide with themes that
may be relevant (Multimedia Appendix 2). Typically, the
oncologist was assisted by an oncology nurse.

A summary of the consultation was recorded in the hospital
electronic patient record, shared with the GP, and accessible
for the patient at an online portal (sundhed.dk) for medical
reports in Denmark.

Randomization and Blinding
Following informed consent, patients were assigned in a 1:1
ratio through block randomization, with block sizes and
sequences known only to the REDCap (Research Electronic
Data Capture; Vanderbilt University) [15] data manager from
our collaboration partners. The allocation was transparent for
the patients, GPs, and oncologist. However, during baseline
data collection, patients in the intervention group and enrolling
nurse were kept blind of the randomization.

A project nurse at the research unit in the department of
oncology conducted the randomization process and enrolled
patients in the study following the patients’ consent. Neither
patients nor their GPs and oncologists in the intervention group
were blinded to the patients’ allocation status. Data analysts
remained blinded to the allocation. GPs of patients in the control
arm were not formally informed until they received the survey.

Primary Outcomes and Instruments
Patients were asked to complete questionnaires at baseline, and
after 4 and 7 months. Upon arrival at the department of
oncology, patients received information, a consent form, and a
paper-based baseline questionnaire, which outpatient nurse
collected after enrollment. Follow-up questionnaires were sent
electronically using REDCap [15], which securely managed
distribution and response collection. However, patients could
request paper-based follow-up with prepaid return envelope.

An overview of primary and secondary outcomes can be found
in Multimedia Appendix 3. The primary outcome included the
single item “global assessment of inter-sectorial cooperation,”
which was part of the Danish questionnaire “Patients’ attitude
to the health care service” [14]. The English questionnaire “The
patient cancer diary” [16] served as the basis for the 26-item
Danish questionnaire. The adaptation was done based on
interviews with Danish cancer patients and caregivers [17] and
the English questionnaire template [16]. The questionnaire was
chosen because it measures the study’s aim, patients’perceptions
of cross-sector cooperation, and has previously been used in a
Danish cancer study [14]. Single items were scored on a 5-point
Likert scale from strongly agree (1) to strongly disagree (5).
The “not relevant” category was coded as missing.

This questionnaire comprises also 2 other single items and 5
index scales (secondary outcome; Multimedia Appendix 3),
examining patients’attitude toward the cooperation in the health
care system. There is no manual available for the questionnaire;
however, 2 papers have been published that describe the
validation and usage of the questionnaire [14,17]. For the 5

subscales, at most 1 missing was replaced by the mean of the
other items in the corresponding subscale. A subscale was coded
as missing if more than 1 single item in the scale were missing.
The direction of the answer scale varied depending on the item.
For instance, in the case of the primary outcome, a low score
indicated a positive attitude toward the question, while for
secondary outcomes (eg, global feeling of left in limbo), a high
score indicated a positive attitude. However, for analysis
purpose, all items were aligned so that a higher value indicated
a positive attitude toward the questions. Primary and secondary
outcomes were measured at the following time points: baseline,
4, and 7 months after baseline. Coding was done separately for
each time point.

Other Parameters
Demographic data for patients including age, gender, education,
marital status, having child, work status, comorbidity, diagnosis
or cancer type were assessed through questionnaire which was
completed by patients at baseline.

Deviation From the Protocol in Statistical Analyses
As outlined in the published protocol [11], the original statistical
analyses plan aimed to conduct a simple group comparison at
7 months using t tests or Wilcoxon rank-sum tests. However, a
deviation from the initial analysis strategy was decided due to
the large amount of missing data associated with the primary
variable at 7 months.

Definition of Intervention and Control Groups for
Analysis
The main analysis strategy followed the intention-to-treat (ITT)
approach, defining groups by random allocation (control and
intervention). As a second approach, we defined 2 as-treated
grouping approaches. First, we split the intervention group by
degree of intervention fidelity: 1 group had the intervention as
defined by protocol, the second did not receive the intervention
due to technical issues, while the third did not receive the
intervention for other reasons. Then, as-treated group1 (AT1)
comprised patients completing the video consultations; this
group was compared with patients who did not receive the
intervention (randomized to control or subgroup1 or subgroup2).
As-treated group2 (AT2) comprised patients with planned video
consultations, regardless of completion due to technical reasons
(AT1 and subgroup1); this group was compared with patients
randomized to controls and subgroup2. As-treated groups were
defined post hoc. Unless stated explicitly otherwise, we based
the group definition on the ITT approach.

Revised Statistical Analysis
As a first step, we compared the change from baseline to 7
months between the 2 groups, as defined by allocation (ITT),
through a linear regression model. This model was applied to
measurements at both baseline and 7 months, using generalized
estimating equations (GEE) to account for within-patient
clusters. Robust variance estimation was used, and the group
difference was modeled as time-by-group interaction. Similar
estimates were presented for both post hoc and defined as-treated
approaches. No additional covariates were considered in this
primary analysis. The GEE approach was chosen to ensure
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robustness of the statistical methods in the presence of missing
data. Analyses specified in the protocol were also reported,
restricted to complete cases. A corresponding analysis strategy
was followed for secondary outcomes. Data analyses was done
using Stata version 17 [18], and the significance level was set
at 5%.

Ethical Considerations

Statement Regarding Human Subject Research Ethics
Review
The Regional Ethics Committee on Biomedical Research in
Denmark (S-20142000‐138) and the Danish Data Protection
Agency (2014-41-3534) peer reviewed and approved the study.

Informed Consent Descriptions
At the Oncological Department, Vejle Hospital, Denmark,
outpatient clinic nurses obtained informed consent from patients
for the PSP. Patients provided consent to participate in the
randomized controlled trial, the video recordings, and the user
perspective assessments on the same consent form. The consent
forms were securely stored at the Clinical Research Unit,
Department of Oncology, Vejle Hospital. The unit of
randomization was the patient. Therefore, according to Danish
law and the instructions of the Regional Ethics Committee on
Biomedical Research, consent from GPs was not required.
However, out of courtesy and to show consideration for their
workload, oral consent was obtained from GPs when their
patients were allocated to the intervention group. Before the
study’s start, written information about the trial was sent to all
GPs in the Region of Southern Denmark. If a GP declined to
participate, their patients were not invited to join the study.

GPs for patients in the control group were not contacted and
were therefore unaware of their patients’ participation in the
study until they were asked to complete a questionnaire 4
months after the patients’ inclusion.

Privacy and Confidentiality Protection Description
Data security in video consultations is essential. Patients
demonstrate a high level of trust regarding data security, as they
trust the health care staff using the technology. To ensure this
trust, all video consultations were conducted on the Region of
Southern Denmark’s secure videoconference servers using
virtual meeting rooms. These servers provide a highly secure
connection with no third-party data processing, and meeting
rooms could only be accessed by the participating parties. Before

a video consultation, patients may have discussed confidential
matters, such as alcohol consumption or smoking, which they
had not shared with all health care providers. This could place
patients in a dilemma. To address this, the intervention guide
for oncologists and GPs includes a note to handle such situations
sensitively.

Compensation Details
No compensation was provided to patients or oncologists. GPs
were reimbursed through the standard payment system of the
Region of Southern Denmark for participating in video
consultations with a specialist at the hospital. The agreement
used existing provisions for cross-sector cooperation and
discharge follow-up. GPs received a fee for video consultations
based on the time spent: €48 (at the time of the study, the
exchange rate was approximately €1=US $1.10; fee number
4670) for up to 30 minutes and €97 (fee number 4669) for
consultations exceeding 30 minutes. Therefore, they did not
receive any additional payment for participation, nor were they
paid by the study for their involvement in the video
consultations. Furthermore, GPs were compensated for
completing the questionnaires. Payment was provided by the
Region of Southern Denmark and corresponded to one module
(€18 at the time for the trial), equivalent to the payment for a
standard patient consultation in their clinic.

Results

Recruitment and Participant Flow
The patients were included between June 2016 and November
2019. In this study, 281 patients initially agreed to participate.
Three patients were excluded due to withdrawal of the consent
or other reasons. In total, 278 patients were randomized; 139
patients were allocated to the intervention group and another
139 to the control group. However, due to the following reasons,
only 80 patients received the intervention as intended: GP
refused participation for 22 patients; in 15 cases, IT failed; and
for 8 patients, there were administrative (scheduling) issues. A
total of 8 patients died before intervention, 3 patients were too
ill, and 3 did not wish to participate in the intervention. See
Figure 1 for the CONSORT (Consolidated Standards of
Reporting Trials) flow diagram [19] (Checklist 1).

An overview of the GP-patient relationship can be found in
Multimedia Appendix 4 to provide additional context.
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Figure 1. CONSORT (Consolidated Standards of Reporting Trials) flow diagram.

Baseline Data
As shown in Table 1, patients in the intervention and control
groups had similar baseline characteristics. However,

comorbidity was more frequent in the control group (58.3% vs
46.8%) than in the intervention group.
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Table . Baseline characteristics of patients in the intervention and control groups.

Intervention group (n=139),
n (%)

Control group (n=139), n
(%)

Total (N=278), n (%)Characteristics

66.6 (10)63.8 (11)65.2 (10.6)Age (years), mean (SD)

Sex

78 (56.1)77 (55.4)155 (55.6)Male

61 (43.9)62 (44.6)123 (44.4)Female

Education

88 (63.3)85 (61.1)176 (63.3)Primary and upper sec-
ondary school

35 (25.2)41 (29.5)76 (27.3)Further education

9 (6.5)7 (5)16 (5.8)Higher education

Marital status

33 (23.7)48 (34.5)81 (29.1)Single or missinga

106 (76.3)91 (65.5)197 (70.9)Married or residing with a
companion

Children living at home

124 (89.2)120 (86.3)244 (87.8)No children at home or

missinga

15 (10.8)19 (13.7)34 (12.2)Children at home

Work status

43 (30.9)46 (33.1)89 (32)Employed

6 (4.3)9 (6.5)15 (5.4)Public benefits

90 (64.7)84 (60.4)174 (62.6)Retired or missinga

Comorbidity

74 (53.2)58 (41.7)132 (47.5)No

65 (46.8)81 (58.3)146 (52.5)Yes

Diagnosis or cancer type

16 (11.5)17 (12.2)33 (11.9)Breast

9 (6.5)4 (2.9)13 (4.7)Gynecological

53 (38.1)53 (38.1)106 (38.1)Lung

54 (38.8)56 (40.3)110 (39.6)Gastrointestinal

7 (5)9 (6.5)16 (5.8)Other

129 (92.8)126 (90.6)255 (91.7)Incident cancer (yes or

missinga)

aThere were less than 3 patients with missing information on marital status, number of children at home or work status, and 6 patients with missing
information on incident cancer. These patients were grouped with the indicated categories.

Numbers Analyzed
In Table 2, an overview of the missing data for the primary
outcome at different time points in both control and intervention
groups is presented. Over time, there was a decline in
participation in both the control group (38% at 7 months vs 74%
at baseline) and the intervention group (47% at 7 months vs
77% at baseline), based on 278 randomized patients. In the ITT
analyses, 172 observations on 128 patients from the intervention
group and 156 observations on 113 patients from the control

group were included. A total of 11 patients (intervention) and
26 patients (control) were excluded from the analysis due to
missing observations at both baseline and 7 months.

A total of 59 participants failed to have the intervention as
intended, due to technical problems or other reasons. Based on
the subgroup analyses, the subgroup1 had a higher percentage
(78.3%) of nonmissing values, which gradually dropped to
39.1%% and 34.8% at the subsequent time points (Table 2).
The subgroup2 displayed a comparable pattern of missing data
at various time points (83.8%, 35.1%, and 24.3%, respectively).
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Table . Overview of the missing data for the primary outcome in both control and intervention groups at baseline and follow-up.

7 months4 monthsBaselineGroup

Missing
survey,
n (%)

Not rele-
vant, n

Data
missing,
n (%)

Data
avail-
able, n
(%)

Missing
survey,
n (%)

Not rele-
vant, n

Data
missing,
n (%)

Data
avail-
able, n
(%)

Miss-

ingc sur-
vey, n
(%)

Not rele-

vantb, n
Dataa

missing,
n (%)

Data
avail-
able, n
(%)

Total, n

140
(50.4)

020 (7.2)118
(42.4)

113
(40.6)

1427 (97)138
(49.6)

05168
(24.5)

210
(75.5)

278Total

74
(53.2)

—e12 (8.6)53
(38.1)

63
(45.3)

715
(10.8)

61
(43.9)

02736
(25.9)

103
(74.1)

139Group1
d

66
(47.5)

—8 (5.8)65
(46.8)

50 (36)712 (8.6)77
(55.4)

02432 (23)107 (77)139Group2
f

13
(56.5)

—<3 (8.7)8 (34.8)11
(47.8)

—3 (13)9 (39.1)0—5 (21.7)18
(78.3)

23Sub-

group1
g

27 (73)—<39 (24.3)22
(59.5)

—2 (5.4)13
(35.1)

0—6 (16.2)31
(83.8)

36Sub-

group2
h

aData missing: the primary variable was absent, while other sections might have been answered.
bNot relevant: the primary variable was answered as “not relevant”; this is part of the data missing category.
cMissing survey: the entire questionnaire was missing for a specific time point.
dGroup1: randomized as control.
eNot applicable.
fGroup2: randomized as intervention.
gIntervention group was divided into the following subgroups based on reasons for not receiving the intervention. Subgroup1: not received intervention
due to technical problems.
hSubgroup2: not received intervention due to other problems.

Outcomes and Estimations
Table 3 shows patients’ attitudes toward the cooperation
between the primary sector and the department of oncology.
The estimated within-group changes in the primary outcome
between baseline and follow-up were −0.13 (95% CI –0.38 to

0.12) in the control group and 0.11 (95% CI −0.11 to 0.34) in
the intervention group. The between-group difference was
estimated as 0.24 (95% CI −0.09 to 0.58; P=.15). This suggest
that, based on perceived global coordination, there was no
noticeable differences between the ITT groups from the
beginning to 7-month follow-up.
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Table . Patients’ attitudes toward the cooperation between the primary sector and the department of oncology.

P valueGroup-time
interac-
tion,(95%
CI)

Estimated
change
(95% CI)

7 monthsBaselineGroupOutcomes

Mean (SD)nMean (SD)n

Primary

——c−0.13
(−0.38 to
0.12)

3.62 (1.04)533.73 (0.98)103CbITTa

.150.24 (−0.09
to 0.58)

0.11 (−0.11
to 0.34)

3.91 (0.98)653.79 (0.96)107IdITT

——−0.10
(−0.33 to
0.12)

3.67 (1.09)703.75 (0.96)151CAT1e

.110.27 (−0.07
to 0.61)

0.17 (−0.08
to 0.42)

3.94 (0.89)483.78 (1)59IAT1

——−0.09 (-
0.33 to
0.14)

3.65 (1.06)623.71 (0.95)133CAT2

.270.19 (−0.15
to 0.53)

0.10 (−0.15
to 0.34)

3.93 (0.95)563.86 (1)77IAT2

Secondary (subscores)

LIMBOf

——−0.05
(−0.39 to
0.29)

3.73 (1.18)553.77 (1.18)111CITT

.73−0.08
(−0.55 to
0.38)

−0.13
(−0.44 to
0.18)

3.81 (1.15)643.96 (1.03)112IITT

FAM-Globalg

——−6.68 (-
13.41 to
0.06)

6.12
(14.73)

4212.79
(27.91)

117CITT

.38−4.97
(−16.04 to
6.09)

−11.65
(−20.44 to
−2.87)

8.06
(19.41)

419.69
(35.65)

108IITT

FAM-Informationh

——−0.29
(−0.99 to
0.42)

14.15
(2.22)

4214.30
(2.02)

105CITT

.330.48 (−0.49
to 1.46)

0.20 (−0.48
to 0.87)

14.38
(2.19)

4514.16
(2.07)

94IITT

FAM-Carei

——−0.14
(−1.10 to
0.82)

20.19
(3.98)

4220.6 (3.92)108CITT

.550.48 (−1.11
to 2.08)

0.35 (−0.92
to 1.62)

20.57
(4.57)

4520.42
(3.92)

99IITT

FAM-knowledgej

——−0.19
(−0.83 to
0.45)

10.66
(2.74)

4110.7 (2.83)105CITT
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P valueGroup-time
interac-
tion,(95%
CI)

Estimated
change
(95% CI)

7 monthsBaselineGroupOutcomes

Mean (SD)nMean (SD)n

.070.90 (−0.09
to 1.88)

0.71 (−0.04
to 1.46)

11.89
(2.44)

4611.28
(2.44)

95IITT

LIMBO-Total

——0.03 (−1.37
to 1.42)

28.17
(5.34)

5427.98
(5.59)

105CITT

.11−1.61
(−3.56 to
0.35)

−1.58
(−2.95 to
−0.21)

27.93
(5.63)

6429.32
(4.81)

108IITT

Coordination-Total

——−0.15
(−1.12 to
0.81)

13.75
(3.45)

5313.89
(3.50)

97CITT

.111.05 (−0.23
to 2.34)

0.90 (0.04
to 1.75)

15.19
(3.12)

6114.29
(3.46)

106IITT

aITT: intention-to-treat approach.
bC: control.
cNot applicable.
dI: intervention.
eAT: as-treated groups (AT1 and AT2).
fLIMBO: global feeling of left in limbo.
gFAM-Global: global support from general practitioner.
hFAM-Information: information from general practitioner subscale.
iFAM-Care: support from general practitioner subscale.
jFAM-knowledge: general practitioners’ knowledge regarding treatment subscale.

In the context of the AT1 approach (Table 3), comparing patients
who received the intervention with those who did not, the
estimated within-group change in the primary outcome between
baseline and follow-up was −0.10 (95% CI −0.33 to 0.12) in
the control group and 0.17 (95% CI −0.08 to 0.42) in the AT1
group. The between-group difference was estimated as 0.27
(95% CI −0.07 to 0.61; P=.12).

For the AT2 approach (Table 3), the estimated within-group
change in the primary outcome between baseline and follow-up
was −0.09 (95% CI −0.33 to 0.14) in the control group and 0.10
(95% CI −0.15 to 0.34) in the AT2 group. The estimated

between-group difference was 0.19 (95% CI −0.15 to 0.53) with
the corresponding P=.27.

The estimated within-group and between-group changes in all
secondary outcomes including 2 single items and 5 subscales
showed no significant differences between the ITT groups from
the beginning to 7-month follow-up (Table 3).

We also conducted the originally specified analyses on the
primary outcomes at 7 months only, comparing intervention
and control group in the ITT, AT1, and AT2 approach. The
findings are presented in Table 4, showing similar P values.

Table . Additional analyses on primary outcomes at 7 months.

P value for Wilcoxon rank-sum test
(exact)

P value for t testDifference of means at 7 months

(IVa minus control) (95% CI)

.11.130.285 (−0.085 to 0.655)ITTb

.21.210.266 (−0.109 to 0.641)AT1c

.12.120.283 (−0.085 to 0.652)AT2d

aIV: intervention group.
bITT: intention-to-treat approach.
cAT1: as-treated group1.
dAT2: as-treated group2.
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Discussion

Principal Findings
This study found that the addition of a cross-sectoral video
consultation to usual care did not significantly impact patients’
perceived coordination of care. Both intervention and control
groups showed high levels of perceived coordination at both
time points, with no statistically significant differences over
time or between the groups.

Comparison With Previous Work
Based on our knowledge, video consultation has been used for
patients with cancer for many years [20]. A recently published
systematic review showed virtual consultation over time has
been developed and improved in many ways (eg, delivery
platforms and stakeholder engagement) [21]. Despite this
improvement, comparing our findings was challenging due to
the lack of studies on patients’attitudes toward care coordination
in multidisciplinary video consultations, which involve patients
with cancer, oncologists, and GPs simultaneously.

A newly released scoping review revealed that specialist
collaborations with GPs and patients can increase the effective
quality of care in the follow-up phase for patients with cancer
[22]. This comprehensive review did not report findings on
patients’ attitudes toward care coordination. Therefore, we
believe that in this area, more studies should be initiated to
capture a better picture of care coordination from patients’
perspective and subsequently enhance the quality-of-care
coordination for patients with cancer.

Limitations of the Study
Several limitations should be considered. First, a large
percentage of participants in the intervention group did not
proceed with the intervention, mostly due to GP refusal to
participate, administrative or technical issues. This could affect
the generalizability of our findings to the broader population or
specific subgroups due to potential selection bias. However, it
should be noted that the trial was carried out before the
introduction of a standard, clinically available video setup during
the COVID-19 pandemic. Since then, the technical aspects of
video-based communication in everyday life and health care
consultations have improved dramatically [23]. However,
challenges related to establishing online meetings, achieving
relevant views of all participants, and ensuring efficient sound
quality persist. These issues can occasionally make scheduled
consultations impracticable [24]. These facts highlight the
relevance of the results of “the Partnership Study” and
underscore the importance of our learnings for future health
care, particularly in adapting the evolving landscape of
telemedicine. Second, the low completion rate for video
consultation (58%) and high rate of missing data in our study
affected the quality of our data, consequently limited our ability
to draw definitive conclusion on effectiveness of the
intervention. As a result, we focused on addressing challenges
encountered. Third, a considerable amount of missing data for
the primary outcome at the 7-month time point might impact
the statistical power and consequently lead to a lack of
significance in our findings. Several factors can be contributed

to this issue (eg, the lengthy follow-up period, focus of the
process evaluation on the intervention rather than barriers to
participants retention, inadequate assessment of the follow-up
duration during the pilot test, reliance on survey distribution
alone, particularly during COVID-19 pandemic). In addition,
it is possible that a ceiling effect influenced the intervention’s
lack of superiority, as coordination scores were substantially
higher, compared with findings from another department [14].
Fourth, the choice of single primary outcome variable that
included “not relevant” response option may have constrained
the depth of data obtained, because patients who had not
experienced collaboration might have selected “not relevant.”
Fifth, in the as-treated analysis, some patients from the
intervention group were combined with patients from the control
group, which assumes that the nonreceipt of the intervention
was unrelated to individual patients’ characteristics. Therefore,
our findings should be interpreted with caution. Sixth, the study
does not provide insight into why some patients marked the
primary outcome as “not relevant.” It is possible that these
patients had no experience with collaboration at the time of the
survey, and this uncertainty limits our understanding of the
factors contributing to missing data and how they may influence
the study’s conclusions. The handling of responses marked as
“not relevant” as missing data may not actually capture patients’
experiences, that raise concerns about the interpretation of the
results (eg, generalizability of findings related to collaboration
experiences).

Future Direction
Despite the lack of significant differences on primary and
secondary outcomes of care coordination, limitations of our
study may have implications for the research community in
their future studies. For instance, our findings stress the need
for further exploration into structural and engagement factors
to strengthen future interventions.

The low completion rate for video consultation may indicate
logistical and engagement challenges. Therefore, we encourage
researchers in their future similar intervention to implement
strategies that enhance patients’ engagement and improve data
completion rate.

We encountered challenges such as potential power problem in
reaching statistical significance. Despite this, we believe it is
crucial to delve deeper into these findings and explore underling
factors. This could provide valuable insights for development
of more effective interventions in future. Findings may also
highlight more involvement of patients to address their concerns
related to care coordination and consequently enhance their
experiences with the health care system. Furthermore, the
findings highlight the importance of continually evaluation of
health interventions to understand the impacts over time and
make timely and necessary improvement, particularly where
we have clearly identified specific problems or challenges, like
decreased patients’ satisfaction.

Conclusion
Our study, conducted before the COVID-19 pandemic, found
that the shared video consultation model, involving patients
with cancer, oncologists, and GPs, did not result in a statistically
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significant difference in patients’perceived coordination of care
between the control and intervention groups. We suggest that
technical issues impacting the intervention implementation and
the potential ceiling effect may have contributed to these results.
Therefore, we emphasize the necessity for additional evaluation
of the conceptual notion of uniting patients with cancer,
oncologists, and GPs, particularly considering the advancements
in techniques, the adoption of virtual communication, and the
expanding role of GPs in cancer care. Further exploration of
specific aspects of care coordination may provide additional

insights into areas for improvement in this innovative health
care model. This study highlights the complexity of
implementing collaborative health care interventions and
emphasizes the importance of ongoing evaluation of the
intervention to optimize patients’ care coordination in cancer
management. In addition, future research should focus on
evolving trends in virtual communication among professionals
and the public, as we think that leveraging post-COVID virtual
communications could improve future health care interventions.
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Abstract

Background: The lack of information and awareness about clinical trials, as well as misconceptions about them, are major
barriers to cancer clinical trial participation. Digital and social media are dominant sources of health information and offer optimal
opportunities to improve public medical awareness and education by providing accurate and trustworthy health information from
reliable sources. Infotainment, material intended to both entertain and inform, is an effective strategy for engaging and educating
audiences that can be easily disseminated using social media and may be a novel way to improve awareness of and recruitment
in clinical trials.

Objective: The purpose of this study was to evaluate whether an infotainment video promoting a clinical trial, disseminated
using social media, could drive health information seeking behaviors.

Methods: As part of a video series, we created an infotainment video focused on the promotion of a specific cancer clinical
trial. We instituted a dissemination and marketing process on Facebook to measure video engagement and health information
seeking behaviors among targeted audiences who expressed interest in breast cancer research and organizations. To evaluate
video engagement, we measured reach, retention, outbound clicks, and outbound click-through rate. Frequencies and descriptive
statistics were used to summarize each measure.

Results: The video substantially increased health information seeking behavior by increasing viewership from 1 visitor one
month prior to launch to 414 outbound clicks from the video to the clinical trial web page during the 21-day social media campaign
period.

Conclusions: Our study shows that digital and social media tools can be tailored for specific target audiences, are scalable, and
can be disseminated at low cost, making it an accessible educational, recruitment, and retention strategy focused on improving
the awareness of clinical trials.

Trial Registration: ClinicalTrials.gov NCT03418961; https://clinicaltrials.gov/study/NCT03418961

(JMIR Cancer 2025;11:e56098)   doi:10.2196/56098

KEYWORDS

cancer clinical trials; digital media; social media; infotainment; recruitment; education and awareness; edutainment; public
engagement; cancer; lack of information; social media; health information; medical awareness; video series; public audience;
low cost; research participants

Introduction

A total of 90% of Americans use social media [1] and over 40%
of Americans watch web-based videos daily [2]. Digital media
is a dominant source of health information, with 50% to 80%
of internet users searching for health information on the web

[3-5]. Unfortunately, misinformation and disinformation threaten
the quality of health information available [6,7]. Given public
interest in accessing web-based health information and the
potential public reach, social media offers an optimal
opportunity for public health practitioners and health care
providers to improve public medical awareness and education
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by providing accurate and trustworthy sources of health
information. However, the attention span of social media
audiences is typically short. Thus, digital content has to be
engaging, meaningful, and attention grabbing [8,9].

One specific area of health care that can benefit from such
strategies is cancer clinical trials. The lack of information and
awareness about clinical trials, coupled with significant
misconceptions about them, persist as major barriers to cancer
clinical trial participation [10]. Only 3% to 5% of patients with
cancer participate in clinical trials and over 50% of Americans
report that the lack of awareness and information are major
reasons for low participation rates [11-13]. This is the case
despite one study reporting that 56% of respondents preferred
the internet as a source of information about clinical trials [11].

Infotainment is defined as the delivery of broadcast material
intended to entertain, engage, and inform [14]. Examples of this
form of media in our culture vary but can include news talk
shows, podcasts, and social media influencers. Its use may be
a novel way to improve awareness and alleviate misconceptions
that act as barriers to clinical trials. Moreover, since many trials
close due to the lack of accrual [15], infotainment delivered on
social media may be a viable clinical trial recruitment strategy.

The purpose of this study was to evaluate whether a clinical
trial promotional video, disseminated on social media, could
effectively drive health information seeking behaviors and, as
a result, increase awareness about the clinical trial. To
accomplish this goal, we instituted a dissemination and
marketing process to measure health information seeking
behaviors among public audiences on social media.

Methods

Video Development and Content
A clinical trial promotional video represents an underexplored
method for engaging with targeted audiences. The trial we chose
to feature was Southwest Oncology Group (SWOG) S1501,
“Prospective Evaluation of Carvedilol in Prevention of Cardiac
Toxicity in Patients with Metastatic HER-2+ Breast Cancer,
Phase III.” [16] Collaborating with a clinical trial recruitment
and retention specialist from the SWOG, we selected this trial
based on its relative ease of understanding and to improve
accrual performance. Our research team collaborated with the
SWOG Cancer Research Network, a global cancer research
community that designs and conducts federally funded clinical
trials; The Hope Foundation for Cancer Research, a public
charity with the mission of raising and contributing funds for
the treatment and prevention of cancer; and Digital Health
Networks (DHN), a media production studio and streaming
service that specializes in producing, marketing, and distributing
health care content and collecting viewership data.

The creation of the video was informed by the World Health
Organization (WHO) Strategic Communications Framework
[17] and the social cognitive theory [18]. The WHO Strategic
Communications Framework asserts that effective health
communications should be accessible, actionable, credible and
trusted, relevant, timely, and understandable [17]. The social

cognitive theory asserts that learning occurs in social contexts
where individuals can influence and be influenced by others
and their environment [18]. Using the social cognitive theory
framework in the context of the health information seeking
behavior of social media users, Zhang et al [19] found that (1)
information quality, social media platform quality, and user
experience have a significant positive effect on emotional
arousal; (2) user experience, social support, and emotional
arousal have a significant positive effect on self-efficacy; and
(3) emotional arousal and self-efficacy have a significant
positive effect on social media users’health information seeking
behavior. To this end, we sought to develop high-quality,
emotionally engaging digital media that delivers accurate
information about a clinical trial, with an embedded URL
hyperlink to learn more information from a credible source, on
a highly used social media platform to increase awareness about
the trial and motivate users to seek additional information.

To ensure the information, language, and imagery provided in
the video was medically accurate, a project steering committee,
who chose the clinical trial of focus, was formed, consisting of
SWOG Digital Engagement committee members, study
investigators, and a representative from The Hope Foundation
for Cancer Research. The video concept, script, and storyline
were initially developed by a research team member who is also
a filmmaker; cancer survivor; and long-standing member of the
SWOG’s Digital Engagement, Adolescent and Young Adult,
and Patient Advocates committees. The outline, script, and
questions were submitted to the project steering committee for
feedback, and regular communication was maintained
throughout the process in multiple feedback loops. Updates
were provided during committee meetings and were presented
at biannual SWOG group meetings with storyboards, a rough
and final cut of the video, and initial project results. This
inclusive process encouraged committee members and meeting
attendees to provide feedback, ask questions, and be part of the
creative filmmaking process. The steering committee viewed
the video and gave the final sign off prior to launch.

To engage audiences, the video attempted to parody cliché
tropes often seen in pharmaceutical commercials. In our fictional
video, Beth, a more relatable portrayal of a woman who is
visually worn down from cancer treatment, is watching
television and flipping through channels as a highly stylized,
cheery commercial for the S1501 study comes on. It is akin to
pharmaceutical advertisements commonly broadcast on
television. Beth, feeling the side effects of treatment, dozes off
but is awakened when she, in disbelief, is interacting with the
commercial’s characters and asking the physicians questions
about clinical trials and specifically the S1501 study. In this
narrative structure, Beth’s role is to serve as a vehicle to convey
the pertinent information the study team hoped the audience
would learn. In the end, Beth is brought back to her reality.
Appearing cautiously interested in the trial, she presumably
seeks out further information about it. Video screenshots
showing the main character (Beth), a paradoxical patient with
cancer, and a scene with clinicians explaining the clinical trial
to Beth is provided in Figure 1. The full video is available in
Multimedia Appendix 1.
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Figure 1. Video screenshots showing (left) the main character (Beth), (middle) a paradoxical patient with cancer, and (right) a scene with clinicians
explaining the clinical trial to Beth.

Ethical Considerations
The National Cancer Institute Cancer Prevention and Control
Central Institutional Review Board reviewed the
recruitment/patient education video (protocol version dated
June 6, 2019; study ID: S1501) and granted approval on July
24, 2019. The expedited review was conducted in accordance
with the federally defined categories of expedited review stated
in 45 CFR 46.110(b)(1)(ii) and 21 CFR 56.110(b)(2). The
dissemination strategy was not determined to be human subjects
research.

The study protocol and study materials for video 2 were
reviewed and approved by the National Cancer Institute
Institutional Review Board. We are publishing the results from
a marketing strategy to see how it could inform research. The
data presented herein represent information collected for the
purposes of social media marketing, and we did not collect
individual-level data. Rather, we collected population-level data
to inform the effectiveness of marketing research. Institution
review board approval and informed consent were not obtained
as no human subject data were collected on an individual level,
no data were obtained through interaction with any individuals,
and we cannot ascertain the identities of individuals to whom
data the belonged. The data collection was conducted by a
medical entertainment company, and instead of keeping the
data internal, we are sharing this information with the wider
medical audience.

Identifiable individuals have granted consent for the use of their
image in this publication.

Dissemination and Marketing Methods
For this work, we disseminated the video on Facebook (Meta)
because of its number of users and daily interactions, campaign
optimizations, low cost of advertising, analytic capabilities, and
sophisticated audience targeting that identifies specific audiences
based on users’ interests and previous interactions [20]. DHN
ran and coordinated the marketing campaign using their
Facebook advertising account, and video performance data were
captured using Facebook’s advertising management platform.

The video ran daily from September 7, 2021, to September 27,
2021. The video length was 5 minutes and 10 seconds long, and
the production cost was US $4000. Projects with a similar
method would cost significantly more to produce; however,
costs were kept at a minimum by filming at three free locations
and DHN’s in-kind production services, which included

directing, editing, color correction, music and graphic licenses,
and voice-over narration. The video consisted of two different
campaigns. The purpose of the first campaign was to identify
the optimal target audience who might be more engaged with
the video content. For the first campaign, which was conducted
from September 7, 2021, to September 10, 2021, we used
Facebook targeting algorithms to disseminate the video to
audiences who expressed interests in breast cancer research and
to audiences who expressed interest in breast cancer
organizations. We compared the engagement (number of views
and outbound clicks to the S1501 clinical trial web page)
between each group. The audience interested in breast cancer
research had greater engagement and was chosen as our target
audience for the second campaign, which ran from September
10, 2021, to September 27, 2021. Our second campaign
disseminated the video to individuals who met the look-alike
audience profile, which is an audience who shared similar
indicated interests, characteristics, and behaviors to individuals
who were interested in breast cancer research. This technique
helped us identify potentially more engaged users who would
more likely be interested in our video; this is where we spent
the majority of our US $1000 advertising campaign budget.

Measures and Analysis
To evaluate video engagement, we measured four outcomes:

• Reach was defined as the number of people exposed to the
video during the advertisement campaign.

• Retention was defined as the length of time that individuals
watched the video. We measured the number of individuals
who watched for at least 3 seconds and at intervals of 25%,
50%, 75%, and 100%.

• Outbound clicks were defined as the number of clicks on
a “learn more button” under the video that was linked to
the SWOG Cancer Research Network’s S1501 patient
information web page.

• Outbound click-through rate was defined as the percentage
of times viewers saw a video and performed an outbound
click.

We calculated frequencies and descriptive statistics to
summarize each outcome.

Results

Reach, retention, outbound clicks, and outbound click-through
rate are summarized in Table 1.
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Table . Educational video engagement outcomes for the S1501 study.

ValueOutcomes

5 min 10 sLength

61,456Video reach, n

Length of video watched, n (% retained)

47,566 (77.4)aAt least 3 seconds

226 (0.5)b    25%

84 (37.2)c    50%

44 (52.4)d    75%

34 (77.3)e    100%

414Outbound clicks, n

41,300Percentage increase in visitors

414/61,456 (0.67)Outbound click-through rate, n/N (%)

aN=61,456.
bn=47,566.
cn=266.
dn=84.
en=44.

In our first campaign, we found that the group interested in
breast cancer research performed better with video views and
outbound clicks than the group interested in breast cancer
organizations (9764 views and 54 outbound clicks vs 2513
views and 25 outbound clicks). This informed our target
look-alike audience for the second campaign. The video had a
total reach of 61,456 individuals. A total of 77.4%
(47,566/61,456) watched at least 3 seconds and among those,
0.5% (226/47,566) watched 25% of the video. The number of
viewers dropped at each consecutive retention interval; however,
the retention rate increased at each consecutive retention interval
past 25%. A month prior to launch, the S1501 patient
information clinical trial web page had only 1 visitor. During
the 21-day dissemination campaign period, the video received
414 outbound clicks from Facebook to the patient-facing clinical
trial page. The outbound click-through rate was 0.67%
(414/61,456).

Discussion

Principal Findings
We found that with an active digital marketing dissemination
strategy and a very modest marketing budget (US $1000), the
video substantially increased health information seeking
behavior by increasing visitors to the SWOG’s S1501 patient
information page from only 1 web page visit the month prior
to campaign initiation to 414 web page visits during the
campaign. Although research organizations have passively
disseminated clinical trial–related content on social media
platforms, this very active and intentional campaign to engage
with the public is promising as it relates to clinical trial
recruitment and illustrates the utility of using engaging digital
content coupled with social media marketing as an effective
strategy for clinical trial recruitment. Additionally, our study

shows that digital and social media tools can be disseminated
to specific target audiences at low cost, making it an accessible
educational, recruitment, and retention strategy for clinical trials.

Our study shows that the health information seeking behavior
of social media users may be impacted by immediate attrition.
The average social media video watch time benchmark is 10
seconds, and Facebook’s best practices suggest that video
advertisements be 15 seconds or less [9]. Considering that the
average Facebook video watch time is 4.6 seconds [21], our
video (5 min 10 s), which only retained 0.5% of 3-second
viewers, illustrates the challenge of delivering important
information in a succinct way. In addition to video length and
the lack of engagement, another factor that may have contributed
to this decline is that although we used Facebook algorithms to
target individuals who were interested in breast cancer research
and breast cancer organizations, it is plausible that only a subset
of these individuals were interested in learning about clinical
trials. Interestingly, viewership retention across other intervals
was drastically higher (37.2% retention at the 50% interval,
52.4% retention at the 75% interval, and 77.3% retention at the
100% interval). Viewers who watched 25% of the video (1 min
17 s) tended to stay for the duration of the video, suggesting an
engaged audience. Although a drop-off in retention is expected,
our data suggest that the first 45-60 seconds may be the most
instrumental in capturing audiences and maximizing engagement
among viewers who are interested in the video topic area. It is
noteworthy that the number of outbound clicks (n=414) was
substantially higher than the number of people who watched
the full video (n=34). This indicates that certain individuals
were compelled to seek further health information before they
finished watching the video, although we do not know when
during the duration of the video that they performed an outbound
click. These data show that completely watching the video was
not necessarily correlated with seeking additional information
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(ie, outbound clicks) and further illustrates the importance of
delivering compelling and engaging content within the first 60
seconds of video content. Finally, the outbound click-through
rate (0.67%) was below the average outbound click-through
rates of 0.89% across industries and 0.83% in health care, but
above the 0.45% average in science [22,23], which may also
provide insight into the level of engagement in the video.

In this burgeoning and ever-evolving social media landscape,
digital marketing and its advanced analytical techniques allow
researchers to engage with patients and potential trial
participants where they are already consuming health
information. It also allows for real-time data on what worked
well and what did not work well, so that researchers can pivot
their tact and capitalize on the most effective strategies to engage
with an audience that is more likely to be interested in or eligible
for their trials. Although this medium is novel in oncology,
social media analytics have proven to be successful in informing
engagement strategies for other industries, and future oncology
research could benefit from these digital tools.

Comparison to Prior Work
Our research is aligned with limited previous studies that found
web-based infotainment videos to be an effective approach in
increasing public understanding about science and health care
among web-based health information seekers [14,24,25]. One
study found that narrative infotainment videos compared to
expository videos resulted in more likes by viewers without a
university education and better information recall among viewers
[14]. Study findings that assess study recruitment with and cost
effectiveness of social media advertisement for study enrollment
are mixed [26-29]. A recent scoping review reported that 9
(27%) out of 33 studies that used both social media and
traditional methods for recruitment to clinical trials achieved
or exceeded their enrollment target, and one study reported that
social media outperformed other recruitment methods. The
review did not specify how many of these studies used video
as a recruitment method, highlighting the need for more research
to understand if infotainment videos disseminated on social
media to target audiences may be a significant strategy for
facilitating clinical trial recruitment [24,30].

Limitations
Our study is limited in that we were not the administrators of
the S1501 study’s public facing web page and did not retain

detailed information about visitor activities or characteristics
(eg, location, frequency, and time of visit). This limited our
ability to ascertain if each outbound click was from a unique or
repeat visitor and our ability to understand additional
characteristics that may have impacted health information
seeking behaviors. We recommend that research teams be the
administrators of both outgoing (where the advertisement
played) and incoming (where visitors were sent) visitor analytics
to maximize data utility. Additionally, our study did not test
whether outbound clicks resulted in actual recruitment;
therefore, we cannot make assertions that the increase in web
page visitors contributed to study recruitment [31]. In addition,
our video did not include subtitles in English nor any other
language. Since 85% of Facebook users interact with the
platform with the sound off [32], future digital media
engagement studies should consider the use of language subtitles
as this feature might facilitate engagement and accessibility
with a larger audience. Another limitation is that our target
audience indicators may not have been the most appropriate
indicators to capture audiences interested in a specific clinical
trial. We cannot ascertain that outbound clicks reached potential
participants, as opposed to other individuals who may have been
interested in clinical trials (eg, researchers and providers). More
specialized or specific targeting (eg, those meeting study criteria)
should be used to capture audiences who would most benefit
from and be engaged by video media for specific clinical trials.
Finally, we tested engagement using only one social media
platform. Social media platforms vary in the average length of
videos and average video watch times. It is plausible that social
media platforms that are more conducive to longer viewing
times (eg, YouTube) may have yielded different viewership and
engagement outcomes.

Future Directions
Emerging internet technologies and social media are widely
used sources for health information. Our study found that
infotainment disseminated using social media is a useful and
effective approach in relaying complex health information,
motivating interested viewers to seek additional health
information, and driving public audiences to credible and
reliable sources of information. It has promising utility in
facilitating recruitment and retention strategies for cancer
clinical trials and generating increased awareness about clinical
trials among patients and the general public.
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Abstract

Background: Breast cancer is the most common malignant tumor and the fifth leading cause of cancer death worldwide,
imposing a significant disease burden in China. Mammography is a key method for breast cancer screening, particularly for early
diagnosis. Douyin, a popular social media platform, is increasingly used for sharing health information, but the quality and
reliability of mammography-related videos remain unexamined.

Objective: This study aimed to evaluate the information quality and reliability of mammography videos on Douyin.

Methods: In October 2023, a search using the Chinese keywords for “mammography” and “mammography screening” was
conducted on Douyin. From 200 retrieved videos, 136 mammography-related videos were selected for analysis. Basic video
information, content, and sources were extracted. Video content was assessed for comprehensiveness across 7 categories:
conception, examination process, applicable objects, precautions, combined examinations, advantages, and report. Completeness
was evaluated using a researcher-developed checklist, while reliability and quality were measured using 2 modified DISCERN
(mDISCERN) tool and the Global Quality Score (GQS). Correlations between video quality and characteristics were also
examined.

Results: Among the video sources, 82.4% (112/136) were attributed to health professionals, and 17.6% (24/136) were attributed
to nonprofessionals. Among health professionals, only 1 was a radiologist. Overall, 77.2% (105/136) of the videos had useful
information about mammography. Among the useful videos, the advantages of mammography were the most frequently covered
topic (53/105, 50.5%). Median values for the mDISCERN and GQS evaluations across all videos stood at 2.5 (IQR 1.63‐3) and
2 (IQR 1‐2), respectively. Within the subgroup assessment, the median mDISCERN score among the useful and professional
groups stood at 2 (IQR 2‐3) and 3 (IQR 2‐3), respectively, surpassing the corresponding score for the unhelpful and
nonprofessional groups at 0 (IQR 0‐0) and 0 (IQR 0‐0.75; P<.001). Likewise, the median GQS among the useful and professional
groups was evaluated at 2 (IQR 1.5‐2) and 2 (IQR 1‐2), respectively, eclipsing that of the unhelpful and nonprofessional
groups at 1 (IQR 1‐1) and 1 (IQR 1‐1.37; P<.001). The GQS was weak and negatively correlated with the number of likes
(r=−0.24; P=.004), comments (r=−0.29; P<.001), and saves (r=−0.20; P=.02). The mDISCERN score was weak and negatively
correlated with the number of likes (r=−0.26; P=.002), comments (r=−0.36; P<.001), saves (r=−0.22; P=.009), and shares
(r=−0.18; P=.03).

Conclusions: The overall quality of mammography videos on Douyin is suboptimal, with most content uploaded by clinicians
rather than radiologists. Radiologists should be encouraged to create accurate and informative videos to better educate patients.
As Douyin grows as a health information platform, stricter publishing standards are needed to enhance the quality of medical
content.

(JMIR Cancer 2025;11:e59483)   doi:10.2196/59483

KEYWORDS

breast cancer; mammography; Douyin; information quality; social media; video; DISCERN; Global Quality Score; web-based
education; cancer screening; health information; medical content

Introduction

Breast cancer is the second most common cancer and the fourth
leading cause of cancer death worldwide. In 2022, an estimated

2.3 million new cases (11.6% of all cancer cases) were
diagnosed, and 666,000 deaths (6.9% of all cancer deaths)
occurred, and the number of new breast cancer cases is projected
to reach 4.4 million by 2070 [1]. Among women, breast cancer
is the most commonly diagnosed cancer, and it is the leading
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cause of cancer deaths globally. In 2022, breast cancer accounted
for approximately 15.4% of all deaths in global female patients
and 6.9% of all cancer deaths [2]. As the second most common
cancer in Chinese women, an estimated number of 357,200 new
cases of breast cancer occurred in 2022, accounting for
approximately 7.4% of total new cancer cases in China and
15.5% of global breast cancer cases [3]. The World Health
Organization recently launched the Global Breast Cancer
Initiative with the aim of reducing breast cancer mortality by
fostering timely diagnosis and adequate treatment and patient
management [4]. The 5-year survival rate in patients with early
breast cancer is very high; thus, early screening, detection, and
treatment are important [5]. Measures used for breast cancer
screening in the “Guidelines for breast cancer diagnosis and
treatment by China Anti-Cancer Association (2024 edition)”
include mammography, ultrasonography, clinical breast
examination, breast self-examination, and magnetic resonance
imaging. Guidelines recommend that the starting age for breast
cancer screening in the general risk population is 40 years.
However, for people at high risk of breast cancer, the start of
screening may be earlier than the age of 40 years. For those
older than 70 years of age may consider opportunistic screening
[6]. Mammography is one of the most effective methods for
breast cancer screening, especially for early breast cancer
diagnosis, and it has been a major contributor to the decline in
breast cancer mortality rates [7-9]. At present, there is no
nationwide screening program for breast cancer in China. A
cross-sectional survey conducted with a convenience sample
of 494 Chinese women indicated that participation in screening
practices ranged from 27.5% for BSE, 36.4% for clinical breast
examination, 23.5% for mammography, and 40% for
ultrasonography [10].

With the widespread adoption of internet technology, web-based
platforms have become a primary channel for accessing public
information. As of June 2023, China’s internet user base has
expanded to 1.079 billion, with short video users reaching 1.026
billion, representing 95.2% of the total internet population [11].
The short video format has emerged as a dominant force in the
new media landscape, due to its low barrier to entry, concise
format, and rapid dissemination capabilities, making it one of
the most preferred mediums for health information acquisition.
While TikTok stands as a global social media giant, operating
in over 160 countries with more than 1 billion monthly active
users [12], its services are unavailable in China due to internet
regulations. Instead, Douyin (the Chinese equivalent of TikTok,
literally meaning “shaking sound”) has established itself as a
national phenomenon, boasting over 750 million daily active
users and ranking among the country’s most popular applications
[13]. The platform’s influence on health communication is
particularly noteworthy. The Douyin Health Science Data Report
indicates that daily health science content reaches more than
200 million users as of March 2023 [14]. This trend is further
supported by data from the 2023 Douyin Health Lifestyle New
Paradigm White Paper, which reveals that during the first half
of 2023, the platform hosted more than 10 million creators
specializing in health care knowledge content [15]. Notably,
industry reports highlight that 42% of Douyin’s user base
comprises individuals aged 40 years and older [16], suggesting

a significant engagement of mature audiences with health-related
content on the platform.

Mammography screening often evokes feelings of anxiety and
discomfort among patients, prompting many to seek preparatory
information and clarification through social media platforms.
High-quality educational videos can serve as valuable resources
in this context, potentially contributing to improved health
outcomes. Research evidence underscores the effectiveness of
video interventions in promoting mammography screening. A
study focusing on Chinese immigrant women demonstrated that
culturally adapted videos, developed based on the health belief
model, significantly enhanced screening intentions, breast cancer
knowledge, risk perception, and understanding of mammography
benefits [17]. Furthermore, empirical evidence indicates that
brief preprocedure video interventions can substantially increase
both physician referrals for screening mammography and patient
compliance with screening completion [18]. These findings
highlight the potential of video-based educational tools in
addressing patient concerns and facilitating informed
decision-making regarding breast cancer screening.

Despite the growing reliance on social media for health
information, significant challenges persist regarding the
reliability and accuracy of such content. The diverse
backgrounds of content creators and viewers, coupled with the
absence of robust verification mechanisms, make it difficult to
assess the quality and credibility of health-related information
on these platforms [19]. A comprehensive systematic review
of reviews revealed that the prevalence of health misinformation
on social media ranges from 0.2% to 28.8% [20], posing
substantial risks to users. Exposure to inaccurate health
information through videos may lead to severe consequences,
including delays in seeking appropriate care or even
life-threatening situations [21,22]. Previous research has
extensively evaluated the quality of health-related content on
traditional video-sharing platforms like YouTube and TikTok,
covering various medical topics such as cervical spondylosis,
gastroesophageal reflux disease, and broken heart syndrome
[23-25]. However, the examination of mammography-related
video content remains limited. To date, only 2 studies have
assessed the quality of mammography videos on YouTube
[26,27], both of which identified inconsistencies in the quality
of information presented. Notably, no studies have yet evaluated
mammography-related content on Douyin, the Chinese
counterpart of TikTok. This research gap underscores the need
for systematic evaluation of mammography-related short videos
on Douyin, particularly considering its massive user base in
China. Therefore, this study aims to comprehensively assess
the quality and reliability of mammography-related short videos
on Douyin by analyzing their characteristics, sources, and
content.

Methods

Search Strategy
To minimize the bias introduced by personalized
recommendation algorithms, we used 3 tactics: creating a new
Douyin account specifically for evaluation, disabling Douyin’s
personalized recommendations to eliminate differential content
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recommendations caused by user habits, and banning access to
mobile location services. All videos were viewed without any
actions such as downloading, liking, commenting, collecting,
or sharing. Evaluation tasks were carried out by 2 qualified
radiologists (Chuangying Zhu and HY) from the division of
radiology in a tertiary teaching hospital.

The keywords “钼靶” (“mammography” in Chinese) and “钼
靶检查” (“mammography screening” in Chinese) were searched
in the Douyin app on October 22, 2023, with no limits placed
on the release time. Douyin offers 3 ways to filter videos: overall
ranking, most recent, and most likes. We used the overall
ranking mode to retrieve the top 100 videos because most
consumers use this default sorting option. We chose the
threshold number of 100 for 2 reasons. First, Douyin’s search
function takes topic relevance into account; the most relevant
mammography videos tend to appear at the top of the results
list, and it is difficult to observe any pertinent videos when the
results exceed 100. Second, most general health users apply the
“least effort” principle when searching for information on the
web; they tend to concentrate on the top search results. In this
study, we included videos directly related to mammography.
The exclusion criteria were videos not in Chinese, videos not
related to mammography, duplicate videos, videos shorter than
10 seconds in length, and videos that were unavailable.

Data Collection
A Microsoft Excel spreadsheet was created by a researcher for
data collection. Video information analyzed in this study was
the identity of the uploader; the duration in seconds; the number
of “likes” as indicated by the heart icon; the number of
comments, saves, and shares the video received; and the number
of days since the video was uploaded.

We divided the videos into 2 main groups according to whether
the uploaders were professional or nonprofessional. Professional
videos consisted of videos uploaded directly by board-certified
physicians, health channels, and hospital channels. Most health

channels and hospital videos were narrated by doctors.
Nonprofessional videos included those uploaded by patients
and other individuals.

Quality and Reliability Assessment
The quality and reliability of the video were evaluated based
on the following criteria: the accuracy and comprehensiveness
of the content, the clarity and fluency of information delivery,
and the overall usefulness of the video to its intended audience.

No validated tools for assessing mammography video content
are available in the literature. According to the American Cancer
Society recommendations for the early detection of breast cancer
[28] and the China Anti-Cancer Association Breast Cancer
Diagnosis and Treatment Guide and Standard (2024 Edition)
[6], 2 qualified radiologists (Chunmin Zhu and RH) from the
division of radiology in a tertiary teaching hospital, with more
than 10 years of experience in the radiological profession,
developed a completeness checklist to assess the quality of
mammography video content (Table 1). The 7 categories cover
most aspects of mammography: conception, examination
process, applicable objects, precautions, combined other
examinations, advantages, and report. A video was awarded 1
point in each domain if it mentioned the content listed in Table
1, resulting in a final score ranging from 0 to 11. A score of 0
indicated that there was no accurate content in any of the 7
earlier-mentioned areas of mammography, whereas a score of
11 indicated that a video contained accurate information in all
areas. Videos were then further categorized as useful or
unhelpful according to the final score. Videos with a score of
0 were considered unhelpful if they only dealt with personal
experiences or testimonies without providing any scientific
content, whereas useful videos received a score of ≥1. We used
the modified DISCERN (mDISCERN) tool and the Global
Quality Score (GQS), previously used in many studies of
Douyin, as instruments to assess the quality of information in
each video.
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Table . Completeness checklist.

DescriptionContent

1. Basic principles: mention that a mammogram is done with a machine
designed to look only at breast tissue, with low-dose x-rays.

2. Radiation: mention that mammogram exposes the breasts to small
amounts of radiation.

Conception

3. Remove upper body clothing: mention that the patient must remove
clothing above the waist to have a mammogram.

4. Pain: mention that it might feel some discomfort when the breasts are
compressed, and for some women, it can be painful.

5. Two positions for unilateral breast: mention that x-ray pictures of each
breast are taken, typically from 2 different angles.

Examination process

6. Age: mention when to start a mammogram and how often.

7. High risk: mention that women who are at high risk for breast cancer
based on certain factors should get a mammogram every year, typically
starting before 40 years of age.

Applicable objects

8. Special period: mention that women who are in a special period, such
as preparing for pregnancy, pregnant, or breastfeeding, and those who
have undergone breast augmentation surgery need to inform doctor in
advance. Mammograms are generally not recommended for pregnant
women. It is best to schedule the examination about a week after her period.

Precautions

9. Mention that breast ultrasound and magnetic resonance imaging can
help find some breast cancers that cannot be seen on mammograms.

Combined other examinations

10. Mention that mammograms have a great advantage in detecting calci-
fications.

Advantage

11. Mention that what is the breast imaging reporting and data system.Report

The DISCERN criteria are a validated scoring system developed
by an Oxford University research team to assess the information
quality and reliability of content related to consumer health
information on treatment options [29]. The mDISCERN tool
was modified by Singh et al [30] and is based on a 5-point Likert
scale that examines goals, reliability of information sources,
bias, areas of uncertainty, and additional sources. According to
the mDISCERN score, the reliability of video content is
considered good for a DISCERN score of >3 points, moderate
for a DISCERN score of 3 points, and poor for a DISCERN
score of <3 points.

The GQS, which was developed by Bernard et al [31], is a
5-point Likert scale used to assess the quality of a video based
on the flow of information, completeness of the information
presented on a particular topic, and usefulness of information
to patients. A GQS of 1 is considered very poor, 2 is considered
poor, 3 is considered fair, 4 is considered good, and 5 is
considered excellent. The detailed information for mDISCERN
and GQS is available on the web as in Multimedia Appendices
1 and 2.

Before starting to score the videos, radiologists first reviewed
the official DISCERN and GQS instructions and referred to a
simplified Chinese version [32], the latter is more adapted to
the Chinese language and culture. To ensure consistency,
prescoring discussions were mandatory. After reaching a
consensus on the first 20 videos, the evaluators independently
reviewed the subsequent entries. The original scores of the 2
radiologists (C Zhou and HY) were independently recorded.
The scores of mDISCERN and GQS given by the 2 researchers
(C Zhou and HY) were averaged to obtain an overall score,

which was then used in the analysis. Any disagreements about
the completeness checklist were resolved by consensus.

Statistical Analysis
SPSS (version 27.0; IBM Corp) was used for data entry and
analysis. Data are summarized as frequency (n) and percentage
(%) for categorical variables and median (IQR) for ordinal
variables. The normality of the data was analyzed using the
Shapiro-Wilk test. Because the data were not normally
distributed, the Mann-Whitney U test was used to compare the
continuous variables between the 2 groups. Cronbach α
coefficients were used to calculate the agreement between the
2 researchers. Spearman correlation tests were used to assess
relationships between parameters. The correlations were
interpreted based on the magnitude of the Spearman correlation
coefficient (r), with the following thresholds used as a guide to
describe the strength of the relationships: r<0.1 is considered a
negligible correlation, 0.1≤r<0.4 is a weak correlation, 0.4≤
r<0.7 is a moderate correlation, 0.7≤r< 0.9 is a strong
correlation, and r≥0.9 is a very strong correlation. These
thresholds were adapted from conventional guidelines for
interpreting correlation coefficients, as discussed in the literature
[33]. Differences were considered statistically significant at a
P value of <.05.

Ethical Considerations
No clinical data, human specimens, or laboratory animals were
involved in this study. All information used in this study was
obtained from publicly released Douyin videos, and none of the
data involved personal privacy. In addition, the study did not
involve any interaction with users; therefore, no ethics review
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was required. All data were deidentified, and no individual
users, videos, or screenshots are identifiable in this manuscript
or its supplementary materials.

Results

Video Selection Process
In total, 200 videos were screened, and 136 were included in
the study. The 64 excluded videos were 1 video in a non-Chinese
language, 5 irrelevant videos, 48 duplicate videos, 7 short
videos, and 3 unavailable videos (Figure 1).

Figure 1. Flowchart of videos included in the study.

Video Characteristics
The statistical analysis showed that the mammography videos
ranged from 11 to 876 seconds. At the time of this study, the
136 short mammography videos had received 1,788,786 likes,
288,802 comments, 110,224 saves, and 598,393 shares. Each
short video received 2 to 256,000 likes, 0 to 81,000 comments,
0 to 21,000 saves, and 0 to 145,000 shares. The most recent
video was posted 21 days before the data collection, while the

oldest had been on Douyin for more than 3 years. The median
duration of the videos was 49.5 (IQR 32.5‐76.75) seconds;
the median indicators of engagement comprised 414 (IQR
155.75‐1887.25) likes, 50.5 (IQR 20‐286.25) comments, 56
(IQR 19-201.75) saves, and 61.5 (IQR 12‐275.75) shares; and
the median time since upload was 382.5 (IQR 116.25‐635.75)
days. The characteristics of the included videos are shown in
Table 2.
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Table . Characteristics of videos about mammography on Douyin.

RangeMedian (IQR)Characteristics

11‐87649.50 (32.50‐76.75)Duration (seconds)

2‐256,000414 (155.75‐1887.25)Number of likes

0‐81,00050.50 (20‐286.25)Number of comments

0‐21,00056 (19‐201.75)Number of saves

0‐145,00061.50 (12‐275.75)Number of shares

21‐1208382.50 (116.25‐635.75)Days since upload

0‐42 (1‐2)Global Quality Score

0‐3.52.5 (1.63‐3)DISCERN score

Uploader Douyin Account Characteristics
Most of the videos in our sample were contributed by
professional users (112/136, 82.4%), while a relatively small
proportion were contributed by nonprofessional users (24/136,
17.6%). Among professional users, most videos were created

by board-certified physicians, followed by hospital channels
and health channels (Table 3). Only 1 imaging physician was
involved in the posting of 3 videos. The median video duration
was significantly longer (P<.001) in the nonprofessional group
and received significantly more comments (P=.004; Table 4).

Table . Proportion of videos by different types of uploaders.

Videos (n=136), n (%)DescriptionSource

112 (82.4)Individuals or mechanisms who describe them-
selves as health professionals with certification

Professionals

106 (77.9)Medical specialist who diagnoses, treats, and
manages diseases and conditions related to breast
cancer

Board-certified physicians

2 (1.6)Organizations providing health knowledgeHealth channels

4 (2.9)Hospital platforms share health care informationHospital channels

24 (17.6)Individuals who share mammography experi-
ences or medical personnel without certification

Nonprofessionals

Table . Analysis of video characteristics by source.

P valueNonprofessional (n=24), median
(IQR)

Professional (n=112), median (IQR)Characteristics

<.00196.50 (53‐132.25)46 (31.25‐69.50)Duration (seconds)

.33641.50 (155.75‐15,223)382.50 (154‐1658.50)Number of likes

.004a165.50 (42.25‐2900)44 (20‐192.75)Number of comments

.5875.50 (10.25‐2122.50)55.50 (19.5‐182.5)Number of saves

.5759 (11.5‐4561.25)66 (12‐198.75)Number of shares

.66310.5 (78.25‐611.50)397 (137‐648.25)Days since upload

<.0011 (1‐1.37)2 (1‐2)Global Quality Score

<.0010 (0‐0.75)3 (2-3)DISCERN score

aP<.01.

As mentioned earlier, the selected videos were divided into
useful and unhelpful groups based on scores of the completeness
checklist. Of the 136 selected videos, the number of videos
containing useful and unhelpful information was 105 (77.2%)
and 31 (22.8%), respectively. Notably, despite uniformity in
video days since upload between groups, uploads by unhelpful
groups garnered more engagement metrics such as likes (median

6892, IQR 585‐104,000), comments (median 1305, IQR
130‐4103), saves (median 748, IQR 53-4381), and shares
(median 1056, IQR 50‐6071) relative to useful group, and this
differential attains statistical significance (P<.01 for all; Table
5). Because the number of nonprofessional uploaders in the
useful group was small (7/105), we could not compare this
group.
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Table . Analysis of video characteristics by usefulness.

P valueUnhelpful group (n=31), median
(IQR)

Useful group (n=105), median
(IQR)

Characteristics

<.00176 (46-114)46 (31-69)Duration (seconds)

<.0016892 (585‐104,000)276 (131.50‐815.50)Number of likes

<.0011305 (130‐4103)35 (17‐113.50)Number of comments

<.001748 (53‐4381)47 (17-107)Number of saves

<.0011056 (50‐6071)48 (10.50‐158)Number of shares

.77410 (151-538)365 (104.50‐675)Days since upload

<.0011 (1‐1)2 (1.50‐2)Global Quality Score

<.0010 (0‐0)2 (2-3)DISCERN score

Information Content Comprehensiveness
Useful videos were analyzed based on the information they
contained. Among all the categories, the advantages of
mammography were the most frequently covered topic (53/105,
50.5%), followed in descending order by applicable objects
(50/105, 47.6%), conception (47/105, 44.8%), examination
process (44/105, 41.9%), combined other examinations (42/105,
40%), report (26/105, 24.8%), and precautions (11/105, 10.5%;
Multimedia Appendix 3). Most of these videos (97/105, 92.4%)
scored <5 points, and only 1 video received a maximum score
of 7.

Video Reliability and Quality
The median (IQR) mDISCERN score and GQS of all videos
were 2 (1‐2) and 2.5 (1.63‐3), respectively. The Cronbach
α coefficients for reliability between the raters were 0.94 and
0.97 for the GQS and mDISCERN, respectively. The
mDISCERN score and GQS of the videos in the useful and
professional groups were significantly higher than those in the
unhelpful and nonprofessional groups (all P<.001).

Correlation Analysis
Spearman correlation analysis revealed certain correlations
among the characteristics of the videos. The video duration was

positively correlated with the number of comments (r=0.23;
P=.008), saves (r=0.20; P=.02), and shares (r=0.19; P=.02).
Across all videos, Spearman correlation analysis revealed
positive and significant correlations among the number of likes,
comments, saves, shares, and days since upload (P<.05 for each
pair).

The GQS was negatively or positively correlated with the
number of likes (r=−0.24; P=.004), comments (r=−0.29;
P<.001), and saves (r=−0.20; P=.02) as well as with the
mDISCERN score (r=0.65; P<.001). The mDISCERN score
was found to be negatively correlated with the number of likes
(r=−0.26; P=.002), comments (r=−0.36; P<.001), saves
(r=−0.22; P=.009), and shares (r=−0.18; P=.03). The correlation
coefficients (r) reported in this study are generally below 0.39,
indicating weak associations. In cases where the correlation
coefficients are below 0.1, we consider these to be negligible.
We acknowledge that the statistical significance of these
correlations may be influenced by the sample size; therefore,
we place greater emphasis on the magnitude of the correlation
coefficients to better reflect the strength of the relationships.
More detailed analytical results are shown in Table 6.
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Table . Correlation analysis (Pearson r and 2-tailed P value) among the research variables.

mDISCERNbGQSaDays since up-
load

SharesSavesCommentsLikesDurationVariable

Duration

–0.1440.003–0.0880.194d0.201d0.227c0.1681    r value

.09.98.31.02.02.008.05—e    P value

Likes

–0.262c–0.245c0.284c0.865c0.91c0.909c10.168    r value

.002.004<.001<.001<.001<.001—e.05    P value

Comments

–0.361c–0.289c0.252c0.815c0.851c10.909c0.227c    r value

<.001<.001.003<.001<.001—e<.001.008    P value

Saves

–0.222c–0.204d0.194d0.915d10.851c0.91c0.201d    r value

.009.02.02<.001—e<.001<.001.02    P value

Shares

–0.181d–0.111c0.353c10.915c0.815c0.865c0.194d    r value

.03.20<.001—e<.001<.001<.001.02    P value

Days since upload

0.160.08710.353c0.194d0.252c0.284c–0.088    r value

.06.31—e<.001.02.003<.001.31    P value

GQS

0.651c10.087–0.111–0.204d–0.289c–0.245c0.003    r value

<.001—e.31.20.02<.001.004.98    P value

mDISCERN

10.651c0.16–0.181d–0.222c–0.361c–0.262c–0.144    r value

—e<.001.06.03.009<.001.002.09    P value

aGQS: Global Quality Score.
bmDISCERN: modified DISCERN.
cThe correlation is significant at a significance level of .05 (2-tailed).
d The correlation is significant at a significance level of .01 (2-tailed).
eNot applicable.

Discussion

Principal Findings
This is the first study in the literature to evaluate Douyin content
on mammography videos. According to the findings of 2
independent reviewers (C Zhou and HY), more than
three-quarters of the videos were uploaded by professional
individuals or institutions, and videos containing content
primarily concerned with disease knowledge were of higher
quality and more reliable. Nevertheless, the overall quality of
the mammography videos was poor according to the
completeness checklist, GQS, and mDISCERN score.
Additionally, the fact that seekers gave higher ratings to the

lower-quality videos than the higher-quality videos suggests
that most health viewers are not able to identify poor-quality
medical information in videos.

The rapid development of digital technology and the widespread
application of mobile intelligent terminals have caused various
new media to become important platforms for sharing and
exchanging scientific knowledge. This has further expanded
the channels through which the public can understand and obtain
information, broadening the breadth and depth of knowledge.
There was an unprecedented reliance on social media platforms
to seek information during the COVID-19 pandemic [34].
Douyin is a representative national short video platform, and
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watching videos every day has become a part of many people’s
lives.

Currently, uploaders who share health information on the
Douyin app are required to obtain certification materials that
verify their affiliation with tertiary A hospitals as doctors. In
our study, approximately 80% of mammography-related Douyin
contents were uploaded by professional users. Most of them
were clinicians; only 1 was an imaging specialist. These findings
show that clinicians in tertiary A hospitals with a high level of
expertise are enthusiastic about participating in the
popularization of mammography-related information. A previous
study also showed that radiology-related content on the
increasingly popular social media platform TikTok is mainly
posted by nonphysician radiology personnel [35]. In addition,
our results suggest that the videos cannot cover all aspects of
mammography, which may be due to the limited short length
of Douyin videos. Furthermore, the most prevalent content of
the videos was the advantages of mammography in detecting
calcifications; few videos fully addressed other types of content
during the examination. This finding may indicate that most
publishers believe that the unique advantage of mammography
is to help detect breast cancer at an earlier stage. As radiologists,
they may be more likely to focus on pain and positioning or
precautions during the examination and have a more accurate
understanding of diagnostic reports [36]. Pain and discomfort
during mammography may influence participation in screening
programs and be detrimental to cancer prevention efforts [37].
More senior radiologists should be encouraged to become
involved in mammography popularization. Specialized training
and publicity should be provided to meet the public’s need for
knowledge about mammography.

The current results indicate that the reliability and educational
quality of mammography-related videos on Douyin are
unsatisfactory, with median mDISCERN and GQS evaluations
across all videos stood at 2.5 (IQR 1.63-3), and 2 (IQR 1-2),
respectively. This finding is in accord with previous studies that
have examined low-quality videos on various health topics and
found that this information may not be reliable on Douyin
[38,39]. Studies on other video platforms, such as YouTube,
also showed that the overall quality of videos providing disease
information was poor [40,41]. Because the content of most
videos lacks peer or institutional quality review, many may not
be subject to quality control and may not be evidence-based; it
is therefore not surprising that much of this content is inadequate
[42]. Thus, patients should access certified organizations and
sites such as those certified with the Health on the Net
Foundation Code of Conduct certificate to obtain professional
information and avoid being misled by social media. The Health
on the Net Foundation Code of Conduct was created as a
practical solution to help internet users recognize reliable
health-related information on the internet while distinguishing
it from potentially erroneous or hazardous content [43].
However, contrary to all these findings, in previous studies of
the quality of Douyin videos on children with humeral
supracondylar fractures, chronic obstructive pulmonary disease,
and cosmetic surgery, the overall information quality and
reliability of these short videos were satisfactory in China
[44-46]. This might be explained by the assessment instrument’s

lack of comparability between different disease categories and
the bias introduced by the use of different scoring criteria among
different researchers.

The results also showed that videos posted by professionals had
significantly higher reliability and GQS than those posted by
individuals. This finding indicates that ownership is an important
element that can be used to assess the reliability of videos. Video
content may be considered trustworthy when produced by
professionals such as doctors, medical organizations, and health
information websites [47]. Unfortunately, our regression analysis
revealed that the number of likes, comments, and saves had a
weak negative correlation with both the mDISCERN score and
GQS. The results showed that lay users had difficulty
distinguishing useful information from a large number of videos.
A common misconception is that digital information accuracy
is directly related to the number of hits or views [48]. There are
thousands of health-related videos promoting misleading
information that get millions of views, such as videos that
disparage vaccinations [49,50]. These results also indicate that
effective regulatory measures are needed to control scientifically
accredited information. In the future, it would be beneficial to
develop an algorithm that ranks videos preferentially uploaded
by a trusted medical center or professional. If the public had
less access to unhelpful videos, the damage could be less.

Limitations
This study has some limitations. First, this was a cross-sectional
study that examined a very small portion of a very large amount
of data. The number of views, likes, and dislikes of
health-related videos on the internet changes over time. The
“snapshot” approach to data collection seems to be the main
limitation of this study because the results may vary with the
use of different search terms and according to the date and time
of the search. Second, because of the limitations of the search
criteria, it was not possible to include all video resources that
fit the topic of this study. Although we included a relatively
small percentage of videos, we considered it to be sufficiently
representative, as videos beyond the top 100 have no significant
impact on the analysis. Third, we only included videos uploaded
on Douyin, which is a Chinese video-sharing platform; thus,
the findings may not be generalizable to other social media
platforms (eg, YouTube) or to other countries. Subsequent
cross-linguistic research is required to fill this gap. Finally, the
GQS and DISCERN are subjective assessment tools. Although
2 independent experts (C Zhou and HY) determined the ratings
iteratively and used Cronbach α coefficients to quantify the
agreement between the 2 raters, subjective differences still
cannot be ignored. Looking ahead, future research should
include broader cross-linguistic comparative studies, using more
appropriate assessment instruments to validate our findings.

Conclusions
According to the findings of our study, a majority of the Douyin
videos concerning mammography were uploaded by clinicians
and exhibited poor quality and reliability. Patients should not
use these videos as the only source of information about
mammography because they may lead to misdirected or
inappropriate interventions. Douyin is often used to obtain
health-related information, and radiologists should be
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encouraged to provide useful and accurate videos and to instruct
patients appropriately. From the standpoint of preventing and
curing breast cancer, there is a need for stricter standards and

procedures for video publishing to improve the quality of
medical content.
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Abstract

Background: Relapse is a major event in patients with lymphoma. Therefore, early detection may have an impact on quality
of life and overall survival. Patient-reported outcome measures have demonstrated clinical benefits for patients with lung cancer;
however, evidence is lacking in patients with lymphoma. We evaluated the effect of a web-mediated follow-up application for
patients with lymphoma at high risk of relapse.

Objective: This study aims to demonstrate that monitoring patients via a web application enables the detection of at least 30%
more significant events occurring between 2 systematic follow-up consultations with the specialist using an electronic questionnaire.

Methods: We conducted a prospective, randomized phase 3 trial comparing the impact of web-based follow-up (experimental
arm) with a standard follow-up (control arm). The trial was based on a 2-step triangular test and was designed to have a power
of 90% to detect a 30% improvement in the detection of significant events. A significant event was defined as a relapse, progression,
or a serious adverse event. The study covered the follow-up period after completion of first-line treatment or relapse (24 months).
Eligible patients were aged 18 years and older and had lymphoma at a high risk of relapse. In the experimental arm, patients
received a 16-symptom questionnaire by email every 2 weeks. An email alert was sent to the medical team based on a predefined
algorithm. The primary objective was assessed after the inclusion of the 40th patient. The study was continued for the duration
of the analysis.

Results: A total of 52 patients were included between July 12, 2017, and April 7, 2020, at 11 centers in France, with 27 in the
experimental arm and 25 in the control arm. The median follow-up was 21.3 (range 1.3‐25.6) months, and 121 events were
reported during the study period. Most events occurred in the experimental arm (83/119, 69.7%) compared with 30.2% (36/119)
in the control arm. A median number of 3.5 (range 1-8) events per patient occurred in the experimental arm, and 1.8 (range 1-6)
occurred in the control arm (P=.01). Progression and infection were the most frequently reported events. Further, 19 patients
relapsed during follow-up: 6 in the experimental arm and 13 in the control arm (P<.001), with a median follow-up of 7.7 (range
2.8‐20.6) months and 6.7 (range 1.9‐16.4) months (P=.94), respectively. Statistical analysis was conducted after including
the 40th patient, which showed no superiority of the experimental arm over the control arm. The study was therefore stopped
after the 52nd patient was enrolled.

Conclusions: The primary objective was not reached; however, patient-reported outcome measures remain essential for detecting
adverse events in patients with cancer, and the electronic monitoring method needs to demonstrate its effectiveness and comply
with international safety guidelines.
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Introduction

Relapse or progression is a major event in the management of
lymphoma. Predictive factors for relapse include histological
subtype, extranodal involvement, high metabolic volume, and
elevated serum lactate dehydrogenase (LDH) levels [1]. Early
detection of relapse correlates with survival. In most cases,
relapse is detected by the appearance of symptoms, clinical
signs, or biological abnormalities [2-4]. Repeated surveillance
computed tomography (CT) detects asymptomatic recurrence
in only 1.7% of patients and increases the risk of secondary
cancers because of radiation overexposure [5-8]. Circulating
tumor DNA monitoring may be used to detect early recurrence
before the onset of symptoms; however, this method has not
been validated [9]. Electronic patient-reported outcome measures
(ePROMs) based on the Common Terminology Criteria for
Adverse Events have emerged as a method of early detection.
This has increased survival rates in some cases (locally advanced
lung cancer) [10]. ePROMs affect early event detection and
overall survival in patients with cancer [11-15]; however, such
evidence is lacking for patients with lymphoma. In this study,
we compare the effect of web-based follow-up with that of
standard follow-up.

Methods

Overview
We conducted an open-label, longitudinal, prospective study
between July 12, 2017, and April 7, 2020, at 14 centers in
France.

Ethical Considerations
This study was conducted according to the 1975 Declaration of
Helsinki, revised in 2008, and the guidelines of the International
Conference on Harmonization of Good Clinical Practice in
Biomedical Research. The Ouest II national ethics committee
in Angers approved the study on November 8, 2016, and the
Agence Nationale de Sécurité du Médicament approved it on
November 22, 2016 (approval: 2021–A01670–41). All of the
patients provided written informed consent, which included the
points of analysis, the method of data collection, and the primary
and potential secondary statistical analyses. All patient data
were anonymized and no financial compensation was provided.

Study Population, Inclusion Criteria, and Exclusion
Criteria
Patients with lymphoma who were aged 18 years or older and
had a high risk of relapse were considered eligible for this trial.
They could have T-cell lymphoma in the first partial or complete
response, Hodgkin lymphoma in the second partial or complete
response, or diffuse large B-cell lymphoma in the first partial

or complete response with a revised high International
Prognostic Index score (≥3) or in the second partial or complete
response. Patients who had undergone autologous stem cell
transplantation were not excluded. Eastern Cooperative
Oncology Group performance status between 0 and 2, an internet
connection, and affiliation to the French social security system
were required. Patients were recruited during follow-up
consultations by the referring physician at each center.

The exclusion criteria were an initial symptom score <7,
progression within 3 months of the last treatment, brain or
meningeal involvement, history of another cancer treated within
3 years—with the exception of skin cancer (except melanoma)
and in situ cervical cancer—pregnancy, breastfeeding, and any
psychiatric pathology that may prevent compliance with the
protocol.

An initial symptom score was established in the previous
Sentinel study. The e-request algorithm was more sensitive for
patients who were not very symptomatic at inclusion and had
an initial score of less than 7 (by summing scores from 0 to 3
for symptoms concerning cough, dyspnea, pain, anorexia, and
asthenia: 0=no problem, 1=mild problem, 2=moderate problem,
and 3=severe problem) [12].

Randomization
Randomization was planned through minimization once patients
were enrolled in the study and programmed using ENNOV
Clinical data management software. Patients were randomly
assigned 1:1 to a routine follow-up (control arm) or
web-mediated follow-up (experimental arm). Stratification was
conducted at inclusion according to the center, performance
status, autologous stem cell transplantation history, relapse, and
lymphoma subtype.

Follow-Up
Patients were included no later than 3 months at the end of their
last treatment. Follow-up was 24 months after enrollment. A
medical consultation and a biological assessment were
performed every 3 months. In the control arm, CT scans were
performed every 6 months. In the experimental arm, scans were
performed when medically necessary. Quality of life (QoL) was
assessed by 2 questionnaires every 3 months (European
Organisation for Research and Treatment of Cancer Quality of
Life Questionnaire of Cancer Patients [QLQ-C30] and Patient
Health Questionnaire-9 [PHQ-9]) [16,17]. Patient satisfaction
with the application was evaluated by an internal questionnaire
for patients in the experimental group during the 6-month visit
from inclusion.

Web Application
The Moovcare patient-reported outcome (PRO) system is a
class 1 medical device registered by Sivan Innovation, Ltd.,
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with Conformité Européenne marking obtained in July 2017.
Versions 1.7 (from July 2017 to October 2019) and 1.8 (from
November 2019 to April 2020) were used in this study. “The
reimbursed indication of the MOOVCARE Lung device is the
early detection of recurrences or complications for patients over
the age of 16 with nonprogressive lung cancer after the last
medical treatment, regardless of the histological type of the
tumor”—an excerpt from the user guide [18]. The indication
was validated by the data of the Sentinel Lung study (published
in 2019), which demonstrated a survival benefit of 9 months
for patients monitored by the application compared to standard
monitoring (P=.005) [13].

A scientific committee adapted the questionnaire for patients
who were being monitored for lymphoma, whereas the technical
monitoring and the decision algorithm remained the same.

PRO data were collected using questionnaires sent by the
application directly to the patient through a clickable link to
their email address. Patients were asked to complete a
16-question self-assessment every 14 days for 24 months after
being randomized to the experimental arm (smartphone or
email). They were also able to report an event in the web
application between the 2 questionnaires. The study coordinators
provided them with a short training session on the application.
If the patient failed to complete the questionnaire, a reminder
was sent after 24 hours, and the health care team contacted the
patient as necessary.

The questionnaire included 4 items, namely weight, LDH level
(optional), hemoglobin level (optional), and a free comment
(for other symptoms or remarks), and 12 following questions:

• Are you tired?
• Have you lost your appetite?
• Are you in pain?
• Are you short of breath?
• Do you feel depressed?
• Do you have a fever (temperature >38.1 °C, checked once

at 1-hour intervals)?
• Do you have chills?
• Do you have pimples?
• Are you sweating profusely?
• Are you itching all over your body?
• Have you detected a lump under the skin or a lymph node?
• Have you noticed any abnormal swelling of the face or

legs?

Patients were assigned a score based on their symptoms as
follows: 0=no problem, 1=mild problem, 2=moderate problem,
and 3=severe problem. An alert was triggered in the event of
weight loss greater than 2 kg over 1 month, in the event of
symptoms rated 3, the presence of fever or night sweats on 2
consecutive occasions, or elevation of serum LDH above 2-fold
the normal level, or anemia indicated by hemoglobin levels of
<10 g/dL.

In the event of an alert triggered by the application, an email
was sent to the care team, with a reminder every 24 hours if
there was no response (Figure 1). Patients could also report an
event by writing a free text.

Figure 1. The decision algorithm used in this study.

Outcome Measures
The primary outcome was to demonstrate that follow-up via a
web application could detect more significant events (including
relapses) occurring between 2 routine follow-up consultations
with the specialist in patients with lymphoma who were at high
risk of relapse compared with standard follow-up. Secondary
outcomes were overall and progression-free survival at 2 years,
relapse rate at 2 years, QoL or patients in both arms, and
compliance and satisfaction for the experimental arm.

Adverse and Significant Events
An adverse event was defined as any symptom reported by the
patient either during the protocol consultation in the control
arm or, through the application in the experimental arm. An
event was considered significant if, the grade was greater (≥2)
based on the Common Terminology Criteria for Adverse Events
v4.02 or, if it prompted an imaging examination, treatment (of
any kind), supportive care, unscheduled consultation, or
emergency hospitalization.

QoL, Adherence, and Satisfaction
QoL was evaluated using the QLQ-C30 and PHQ-9
questionnaires at inclusion and, follow-up visits at 3, 6, 9, and
12 months. Patient adherence to the use of the web application
was assessed according to the number of electronic
questionnaires completed. A questionnaire had to be completed
every 14 days. Patients completing less than 1 electronic
questionnaire every 42 days (6 weeks) were considered
noncompliant. Patient satisfaction with web monitoring and the
use of the web application was assessed using a
self-questionnaire at their 6-month follow-up visit.

Data Management and Statistical Analysis

Data Management

One electronic case report form (e-CRF; ENNOV Clinical) was
created for each patient. The information required by the
protocol was collated into the e-CRF, which included the data
necessary to confirm compliance with the protocol and detect
any major deviations, as well as the data necessary for statistical
analysis. The information was collected without mentioning the
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surname and first name in the e-CRF, with an identification
number for the center and a patient number. Only the first letters
of the patient’s surname and first were visible. This code was
the only patient identifier that appeared in the e-CRF, which
made it possible to link e-CRFs to the corrresponding patients.

Statistical Analysis

Determination of the Size of the Study Population

The trial was based on a 2-step triangular test and was designed
to have a power of 90% to detect a 30% improvement in the
detection of significant events outside of routine consultations
during the 6 months of follow-up with the web application. This
is compared with a 60% rate of detection for significant events
outside routine consultations among patients randomly assigned
to conventional follow-up, with a significance of 5%. This
sequential method made it possible to evaluate the application’s
effectiveness while controlling the power and type I error (the
risk of falsely rejecting our null hypothesis) [19,20]. 40
evaluable patients were to be included per arm, and an interim
analysis was to be performed when 20 evaluable patients per
arm had 6 months of follow-up. Inclusion was not suspended
before the 6-month follow-up.

Analysis of Variables, Progression-Free Survival, Overall
Survival, and QoL Questionnaires

The analysis of the qualitative variables is presented in terms
of numbers and percentages. The analysis of quantitative
variables is presented as median or mean (SD) depending on
the normality of the variable, whereas the minimum and
maximum values are also indicated. The events are described
in terms of frequency by etiological type (according to the
Medical Dictionary for Egilatory Activities classification) and
severity according to the NCI Common Terminology Criteria
for Adverse Events version 4.02. For the analysis of censored

data (overall survival and other event times), survival curves
are plotted based on Kaplan-Meier estimates, and the median
survival times and their 95% CIs are presented. For multivariate
survival analyses, the Cox semiparametric model was used to
calculate the odds ratios, which are presented with 95% CIs.
The sensitivity of the application to detect a relapse and
significant complications was calculated. The QoL scores were
calculated according to the European Organisation for Research
and Treatment of Cancer recommendations for the QLQ-C30
[16]. QoL is described for each measurement time, compared
at inclusion, and then studied longitudinally using mixed
analysis of variance models for repeated measures. PHQ-9
scores were calculated based on the recommendations described
at each measurement time and compared at inclusion. Classes
proposed in the literature (≤4; 5‐14;>14) were used to describe
the patients’ state of depression [17]. Analyses were performed
using SAS 9.3 software (SAS Institute, Inc).

Results

Study Design
A total of 53 patients were included between July 12, 2017, and
April 7, 2020, from 14 centers in France: Le Mans (16/52, 31%),
Besançon (9/52, 17%), Nantes (6/52, 11%), Bordeaux Bergonié
(6/52,11%), Bordeaux Nord (6/52, 11%), Mont de Marson (4/52,
8%), Dijon (1/52, 2%), Grenoble (1/52, 2%), Paris (1/52, 2%),
Strasbourg (1/52, 2%), and Vannes (1/52, 2%). One patient
withdrew consent before randomization, and 27 patients were
randomized to the experimental arm and 25 to the control arm.
The median follow-up time was 21.3 (range 1.3‐25.6) months.
In total, 26 patients were evaluated at the primary end point in
the experimental arm and 24 in the control arm (Figure 2). The
Consolidated Standards of Reporting Trials (CONSORT)
guideline (Checklist 1) was used to present the results.
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Figure 2. CONSORT (Consolidated Standards of Reporting Trials) flowchart diagram.

Patient Characteristics
The median age of the entire population was 65.6 (range
20.3‐87.8) years; the median age was 64.3 (range 20.3‐87.8)
years in the experimental arm and 69.2 (range 23.9‐84.4) years
in the control arm (P=.99). Further, 80% of patients (40/50) had
large diffuse B-cell lymphoma, 10% (5/50) had T-cell
lymphoma, and 10% (5/50) had Hodgkin lymphoma. The 2
arms were well balanced with respect to age and histological
subtype (Table 1).

The median time from initial diagnosis to randomization in the
study was 7.7 (range 5.0‐170.2) months. The median was 7.5
(range 5.3‐58.2) months for the experimental arm and 7.8
(range 5.0‐170.2) months for the control arm (P=.43).

Rituximab, cyclophosphamide, doxorubicin, vincristine, and
prednisone were the primary first-line chemotherapeutic
regimens. In the experimental arm, 17/26 (65%) patients
received a single line of chemotherapy, and 9/26 (35%) received
2 lines. In the control arm, 16/24 (67%) patients received a line
of chemotherapy, and 8/24 (33%) received a second line.
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Table . Patient characteristics.

P valueaControlWeb applicationTotal

.80Sex, n (%)

13 (54.2)15 (57.7)28 (56)    Male

11 (45.8)11 (42.3)22 (44)    Female

.61ECOGb, n (%)

10 (41.7)9 (34.6)19 (38)    0

14 (58.3)17 (65.4)31 (62)1

.71Histology, n (%)

0 (0)1 (3.8)1 (2.0)    Lymphocyte-rich
Hodgkin lymphoma

2 (8.3)2 (7.7)4 (8)    Nodular sclerosis and
Hodgkin lymphoma

0 (0)1 (3.8)1 (2)    ALK-positive anaplastic
large T-cell lymphoma

1 (4.2)1 (3.8)2 (4)    Angio-immunoblastic T-
cell lymphoma

1 (4.2)0 (0)1 (2)    Peripheral T-cell lym-

phoma, NOSc

0 (0)1 (3.8)1 (2)    Nasal NKd T-cell lym-
phoma

1 (4.2)4 (15.5)5 (10)    Centroblastic B-cell lym-
phoma

15 (62.4)14 (54)29 (58)    Diffuse large B-cell, NOS

1 (4)0 (0)1 (2.0)    Primary cutaneous diffuse
large B-cell lymphoma, leg-
type

0 (0)1 (3.8)1 (2.0)    Primary mediastinal B-
cell lymphoma

1 (4.2)1 (3.8)2 (4.0)    T-cell-rich large B-cell
lymphoma

2 (8.3)0 (0)2 (4.0)    Burkitt-like lymphoma

.73Ann-Arbor classification, n (%)

0 (0)2 (7.7)2 (4.0)    I

4 (16.7)3 (11.5)7 (14.0)    II

3 (12.5)3 (11.5)6 (12.0)    III

17 (70.8)18 (69.3)35 (70.0)    IV

.61Treatment, n

    First line

224        ABVDe

101        BEACOPPf

235        CHOEPg

101        R-ACVBPh

141327        R-CHOPi

011        R-DA-EPOCHj

011        R-MIVk
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P valueaControlWeb applicationTotal

044        Radiotherapy

171431        Other

N/Al    Second line

101        BEACOPP

011        Brentuximab-bendamus-
tine

101        Brentuximab-ICEm

101        DHAPn

101        MIVo

101        R-CHOP

011        R-DA-EPOCH

011        R-DHAP

011        R-ESHAPp

112        Radiotherapy

5914        Other

aThe P value was calculated using chi-sqaure test for qualitative variables, the Wilcoxon test for quantitative variables, and the Fisher test for the lower
variables.
bECOG: Eastern Cooperative Oncology Group.
cNOS: not otherwise specified.
dNK: natural killer.
eABVD: adriamycin, bleomycin, vinblastine, dacarbazine.
fBEACOPP: bleomycin, etoposide, adriamycin, cyclophosphamide, vincristine, procarbazine, prednisone.
gCHOEP: cyclophosphamide, doxorubicin, vincristine, etoposide, prednisone.
hR-ACVBP: rituximab, doxorubicin, cyclophosphamide, vindesine, bleomycin, prednisone.
iR-CHOP: rituximab, cyclophosphamide, doxorubicin, vincristine, prednisone.
jR-DA-EPOCH: rituximab and dose-adjusted etoposide, prednisone, vincristine, cyclophosphamide, doxorubicin.
kR-MIV: rituximab, mitoxantrone, ifosfamide, etoposide.
lN/A: not assessed (low variables).
mICE: ifosfamide, carboplatin, etoposide.
nDHAP: dexamethasone, cytarabine, cisplatinum.
oMIV: mitoxantrone, ifosfamide, etoposide.
pR-ESHAP: rituximab, etoposide, cytarabine, cisplatin, methylprednisolone.

Follow-Up
In the experimental arm, 25/26 patients (96.1%) were still
included in the study at the 6-month follow-up, 20/26 (76.9%)

at 12 months, and 9/26 (34.6%) at 24 months. In the control
arm, 22/24 (91.6%) were still being followed at 6 months, 21/24
(87.5%) at 12 months, and 12/24 (50%) at 24 months (Figure
3).
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Figure 3. Patient follow-up.

The primary reasons for the loss of follow-up were the planned
end of the protocol for 20 patients and the premature termination
of the study by the sponsor (19 patients; Table 2).

Table . Reasons for discontinuing the study.

Control, n (%)Web application, n (%)Total, n

1 (25)3 (75)4Death

2 (100)0 (0)2Investigator decision

0 (0)1 (100)1Patient decision

12 (60)8 (40)20End of follow-up

1 (50)1 (50)2Missing patient

8 (42)11 (58)19Premature termination

0 (0)2 (100)2Missing data

Events
During the study period, 119 events were reported (Table 3).
Most occurred in the experimental arm (83/119, 69.7%) versus
36/119 (30.2%) in the control arm, with a median number of
events per patient of 3.5 (range 1-8) in the experimental arm
and 1.8 (range 1-6) in the control arm (P=.004). In the
experimental arm, 47/83 (56.6%) events were reported directly
by the medical team after a scheduled consultation, whereas
36/83 (43.3%) were reported through the web application.

In the control arm, 19/36 (52.7%) events were detected during
a scheduled consultation, 2/36 (5.6%) during an unscheduled
consultation, 9/36 (25%) during a consultation with another
specialist, 3/36 (8.3%) during hospitalization, and 3/36 (8.3%)
during a patient call.

Progression and infection were the most frequently reported
events. 19 patients relapsed during follow-up, with a median
follow-up time of 7 (range 1.9‐20.6) months; 6 in the web
experimental arm and 13 in the control arm (P<.001), with a
median follow-up of 7.7 (range 2.8‐20.6) months and 6.7
(range 1.9‐16.4) months (P=.94), respectively. 13 patients
were treated for relapse; 11 by chemotherapy and 2 by
radiotherapy.

30 patients were infected (23 in the experimental arm and 7 in
the control arm; P=.59): 5 patients had an influenza infection,
and the infectious agent was not reported for the others. 14
patients received treatment; 13 with antibiotics, 1 with antivirals,
and 1 with antibiotics and antivirals. The grade of adverse events
was not available in 60 out of 119 (50.4%) cases, which limited
data interpretation.
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Table . Description and classification of events.

P valueaControl, nWeb application, nTotal, n

N/Ab3683119Events

.0041.83.5—c    Number of events per pa-
tient

237598        Grade (progression ex-
cluded)

81927        Grade 1/2

3710        Grade 3/4

124961        Unknown

—13821Progression

—022    Suspected by the imaging
data

<.00113619    Confirmed by biopsy

.6072330Infection

    Severity

51520        Unknown grade

066        Grade 1‐2

224        Grade 3‐4

    Subtype

224        Pharyngitis

224        Pneumopathy

112        Bronchitis

055        Influenzae infection

101        Anal collection

022        Urinary infection

033        Gastroenteritis

189        Not specified

.1341822Pain

077    Abdominal

033    Thoracic

235    Bone and muscle

257    Not specified

.41213Secondary neoplasia

011    Melanoma

101    Colonic adenocarcinoma

101    Uterine neoplasm

.83145Neurological events

022    Peripheral neuropathy

123    Dizziness

N/Ad033Thrombosis

011    Arterial

022    Venous

N/Ad011Bleeding events
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P valueaControl, nWeb application, nTotal, n

011    Epistaxis

N/Ad055Skin Rash

.99123Kidney-related events

112    Increase in creatinine lev-
els

011    Kidney lithiasis

.41213Biological events

101    Iron deficiency

101    Hypercalcemia

011    Elevated LDHe levels

.8561723Other

134    Fatigue

033    Dyspnea or cough

022    Itching

044    Edema

011    Gynecomastia

101    Jugal cyst

202    Colonic polyposis

011    Hypertension

235    Not specified radiological
abnormalities

aThe P value was calculated using the chi-square test for qualitative variables, the Wilcoxon test for quantitative variables, and the Fisher test for the
lower variables.
bN/A: not assessed (noncomparable values).
cNot applicable.
dN/A: not assessed (low values).
eLDH: lactate dehydrogenase.

Event Management

Overview
Events led to 19 additional medical consultations with the
referring hematologist in the experimental arm (alert

management resulted in 8 additional medical consultations and
11 without an alert) versus 15 in the control arm (P=.99; Table
4). 30 consultations were conducted with other specialists (15
in the experimental arm and 15 in the control arm). For some
events, several specialists or referring hematologists were
required to manage the patient.
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Table . Management of events.

P-valueaControl, nWeb application, nTotal, n

N/Ab151631Consultation with the oncol-
ogist

N/Ab151530Referral to another specialist

.91112233Imaging (scan)

.78358Hospitalization

314    Progression

011    Thoracic pain

011    Myocardial infarction

011    Balance disorders

011    Respiratory distress

.94112839Medical treatment

aThe P value was calculated using the chi-square test for qualitative variables, the Wilcoxon test for quantitative variables, and the Fisher test for the
lower variables.
bN/A: not assessed.

Emergency hospitalization was required for 8 patients (4 for
progression, 1 for myocardial infarction, 1 for respiratory
distress, 1 for thoracic pain, and 1 for balance disorder), with
no difference between the 2 arms (P=.78). 22 scans were
performed in the web experimental arm versus 72 in the control

arm (61 scanners scheduled for follow-up and 11 not scheduled
for events; P<.001).

39 events required treatment, with a total of 24 patients receiving
medical treatment (16 in the experimental arm and 8 in the
control arm; P=.11; Table 5). 56 prescriptions were filled (37
in the web experimental arm and 19 in the control arm; P=.64).

Table . Pharmacological treatment of events.

P valueaControl, nWeb application, nTotal, n

.64193756Total

N/Ab101020Antiinfection drugs

N/Ab235Analgesics

N/Ab022Neurological treatment

N/Ab077Gastroenterological treat-
ment

N/Ab246Cardiological treatment

N/Ab112Anticoagulant treatment

N/Ab101Systemic corticoids

N/Ab31013Other not specified

aThe P value was calculated using the chi-square test for qualitative variables, the Wilcoxon test for quantitative variables, and the Fisher test for the
lower variables.
bN/A: not assessed.

QoL and Depression
The patients were asked to complete the QLCQ-30 questionnaire
every 3 months for 1 year. 44 patients completed at least 2 QoL
questionnaires during the study; 22 patients per arm (ie, 22/26,
84.6% in the experimental arm and 22/24, 91.6% in the control
arm). The higher the score, the poorer the QoL (maximum score:
114). The median scores did not differ between the 2 groups at
12 months with it being; 45 in the experimental arm (range
39-61) and 44 in the control arm (range 30-69; P=.94).

Regarding depression, 42 patients completed the questionnaire
(21 per arm; ie, 21/26, 80.7% in the experimental arm and 21/24,
87.5% in the control arm]. The score was 1.0 (range 0‐15) in
the experimental arm versus 1.5 (range 0‐13) in the control
arm (P=.73).

Satisfaction (Experimental Arm)
In total, 20 patients in the experimental arm completed the
satisfaction questionnaire (20/25, 80%). Further, 95% (19/20)
of patients who responded to the satisfaction questionnaire were
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satisfied and reassured by the application, whereas 90% (18/20)
felt better informed.

Survival
Four patients died during the trial; 3 in the experimental arm
and 1 in the control arm (P=.34). Overall survival at 12 months

was 87.1% in the experimental arm (95% CI 65%-95.7%) and
95.2% in the control arm (95% CI 70.7-99.3%; P=.32; Figure
4). Progression-free survival at 12 months was 83.2% in the
experimental arm (95% CI 61%-93.3%) and 68.5% in the control
arm (95% CI 44.9%-83.6%; P=.27; Figure 5).

Figure 4. Overall survival. Exp.: experimental.
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Figure 5. Progression-free survival. Exp.: experimental.

Protocol Deviations and Technical Failures in the
Experimental Arm
Three alerts were not handled by the care team within the
required time frame and were subsequently classified as minor
(grade 1).

The automatic sending of questionnaires was stopped for 9/26
(35%) patients. For 3 patients, the questionnaires were sent in
paper form. For the other 6, no solution could be found despite
repeated interventions by the electronic application’s technical
department. One of these patients suffered 2 major events:
myocardial infarction and relapse. These 2 events were not
reported in the electronic application. Because of these technical
problems, compliance could not be assessed.

Outcomes
An interim analysis was performed based on the protocol when
the first 40 patients reached 6 months of follow-up. The results
of this analysis did not reject the null hypothesis, which stated
that there was no difference in the diagnosis of events between
the 2 arms. The Sentinel Lymphoma Study Committee met on
March 11, 2021, to oversee the analysis of the primary outcome,
which indicated no difference in the diagnosis of significant
events. A decision was made at the end of the meeting to
discontinue the trial early. Based on the protocol, the study was
terminated on March 15, 2021, following the sponsor’s decision.

Discussion

Principal Findings
In this study, there is no difference in the occurrence of
significant events between the 2 arms (median number per
patient of 3.5 in the experimental arm and 1.8 in the control
arm; P=.004). Progression, infection, and pain were the most
frequently reported events. Patient satisfaction was very high
and the patients felt reassured to have electronic monitoring.
The patients included in the experimental arm underwent fewer
scans compared with those in the control arm, without impacting
overall survival, despite a short follow-up (P<.001).

Strengths and Limitations
First, the primary outcome of a 30% superiority of reporting
significant events in the experimental arm has been overly
optimistic. Thus, reducing the end point would have led to a
substantial increase in the number of included patients. The
number of events was probably not the best criterion for
evaluating the effectiveness of remote monitoring. An
improvement in QoL or a reduction in the risk of relapse would
likely have been more relevant [13,15].

Second, technical problems with the web application occurred
(electronic questionnaires not received, with major biases in
event reporting). The incidents were not expected because of
the experience of the software developer (Moovcare, Sivan
Innovation, Ltd); however, there was a change in the technical
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team between this publication on lung cancer and the start of
our study [11-13]. The blocking of automatic questionnaires
required 42 direct interventions by clinical study investigators
with calls to the patient (firewalls and spam). IT support did
not correct these recurring anomalies, despite the changes to
the application in November 2019 (5 patients were included in
the experimental arm after this date). These operational problems
resulted in 15 meetings without resolution of the problems, with
an average response time of 4.6 months from technical support
(frequent changes to contact persons). As a result, the events in
the experimental arm were not reported correctly, leading to
study bias. The final report has been sent to the Agence
Nationale de Sécurité du Médicament on June 29, 2021.

Finally, only 43% of the events were declared by the application
in the experimental arm, which would indicate a problem with
patient training.

Comparison With Prior Work
PROs are underestimated in clinical practice and trials for
patients with lymphoma and have most often consisted of
paper-based QoL questionnaires [21]. The measurement of
PROs via electronic questionnaires has subsequently been
evaluated in randomized trials with a low representation of
patients with lymphoid malignancies [22]. However, Maguire
et al [23] demonstrated that real-time electronic monitoring of
symptoms was feasible during an initial chemotherapy cycle in
patients with solid tumors and lymphoma, with a reduction in
the intensity of side effects and anxiety, compared with a control
group.

Future Directions
Proposals for the future include improving the study design by
limiting the patient population to a single type of lymphoma,
defining the objective to demonstrate an improvement in
morbidity and possibly reduce cost, and guaranteeing the
reliability of the electronic application. PROMs require
standardization of analysis for comparative purposes. Therefore,
it is necessary to regulate the use of health care applications to
avoid malfunction and abuse [24]. Denis and Krakowski [25]
defined 20 criteria of effectiveness, safety, and functionality
that should govern the development of ePROMs. Telemonitoring
applications should strive to improve patient compliance and
prevent patients from dropping out due to a lack of
understanding or receiving excessive notifications [26].
Telemonitoring applications must evolve with therapeutic
innovations and be regularly reevaluated to demonstrate their
long-term benefits on a larger scale [27]. Finally, guidelines are
recommended for the design of clinical trials to evaluate the
effectiveness of electronic solutions [28-30].

Conclusions
Sentinel Lymphoma is the first randomized phase 3 trial to
evaluate the effect of remote monitoring on the detection of
significant events in patients with hematological malignancies.
Progression, infection, and pain were the most frequently
reported events. Despite a high number of events (83 in the
experimental arm against 36 in the control arm), the difference
was not significant. A more targeted population, a more precise
objective, and better security for remote surveillance solutions
are recommended for subsequent projects.
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Abstract

Background: Exercise can attenuate the deleterious combined effects of cancer treatment and aging among older adults with
cancer, yet exercise participation is low. Telehealth exercise may improve exercise engagement by decreasing time and transportation
barriers; however, the utility of telehealth exercise among older adults with cancer is not well established.

Objective: We aimed to evaluate the preliminary effectiveness of a one-on-one, supervised telehealth exercise program on
physical function, muscular endurance, balance, and flexibility among older adults with cancer.

Methods: In this retrospective study, we analyzed electronic health record data collected from the Personal Optimism With
Exercise Recovery clinical exercise program delivered via telehealth among older adults with cancer (≥65 y) who completed a
virtual initial program telehealth assessment between March 2020 and December 2021. The virtual initial assessment included
the following measures: 30-second chair stand test, 30-second maximum push-up test, 2-minute standing march, single leg stance,
plank, chair sit and reach, shoulder range of motion, and the clock test. All baseline measures were repeated after 12-weeks of
telehealth exercise. Change scores were calculated for all assessments and compared to minimal clinically important difference
(MCID) values for assessments with published MCIDs. Paired samples t tests (2-tailed) were conducted to determine change in
assessment outcomes.

Results: Older adults with cancer who chose to participate in the telehealth exercise program (N=68) were 71.8 (SD 5.3) years
of age on average (range 65‐92 y). The 3 most common cancer types in this sample were breast (n=13), prostate (n=13), and
multiple myeloma (n=8). All cancer stages were represented in this sample with stage II (n=16, 23.5%) and III (n=18, 26.5%)
being the most common. A follow-up telehealth assessment was completed by 29.4% (n=20) of older adults with cancer. Among
those who completed a follow-up telehealth assessment, there were significant increases in the 30-second chair stand (n=19;
mean change +2.00 repetitions, 95% CI 0.12 to 3.88) and 30-second maximum push-up scores (n=20; mean change +2.85
repetitions, 95% CI 1.60 to 4.11). There were no significant differences for the 2-minute standing march, plank, single leg stance,
sit and reach, shoulder mobility, or clock test (P>.05). Nine (47.3%) older adults with cancer had a change in 30-second chair
stand scores greater than the MCID of 2 repetitions.

Conclusions: Our findings suggest a one-on-one, supervised telehealth exercise program may positively influence measures of
physical function, muscular endurance, balance, and flexibility among older adults with cancer, but more adequately powered
trials are needed to confirm these findings.

(JMIR Cancer 2025;11:e56718)   doi:10.2196/56718

KEYWORDS

physical activity; physical function; telerehabilitation; remote exercise; digital health; cancer survivors; older adults; smartphone

JMIR Cancer 2025 | vol. 11 | e56718 | p.632https://cancer.jmir.org/2025/1/e56718
(page number not for citation purposes)

Dunston et alJMIR CANCER

XSL•FO
RenderX

http://dx.doi.org/10.2196/56718
http://www.w3.org/Style/XSL
http://www.renderx.com/


Introduction

Adults aged 65 years and older currently account for 67% of
cancer survivors (eg, individuals living with and beyond a cancer
diagnosis) in the United States [1]. By 2040 it is projected that
73% of cancer survivors in the United States will be aged 65
years and older [2]. Cancer treatment compounds the normal
effects of aging resulting in an accelerated aging effect [3]. A
hallmark characteristic of accelerated aging is poor physical
functioning [3]. Older adults with cancer experience worse
physical function than their younger counterparts [4] and older
adults without cancer [5,6]. Physical function plays a critical
role in the health of older adults with cancer and poor function
is associated with decreased cancer survival [7], increased
all-cause mortality [8], and increased symptom severity [9].

Regular participation in exercise is one strategy to help mitigate
declines in physical function among cancer survivors of all ages.
Among older adults with cancer, individualized, in-person
supervised exercise programming, including combined aerobic
and resistance training, for at least 12-weeks significantly
improves physical function [10,11], quality of life [12], muscular
strength [10,11], aerobic endurance [10,11], and symptoms of
anxiety and depression [11]. Despite the numerous benefits of
exercise for older adults with cancer, participation in exercise
in this population is low with only 12% of older cancer survivors
meeting both the aerobic and strength training guidelines [13].
Reasons for low engagement among this population include:
lack of available exercise programming in convenient locations
[14], transportation concerns [14,15], lack of time [14,16],
physical symptoms (eg, fatigue) [14,16,17], and comorbidities
[14,17]. Strategies to reduce barriers to participating in exercise
among older adults with cancer are needed to improve exercise
engagement and physical function in this population.

Delivering exercise programs using telehealth is a useful strategy
in attenuating these barriers. Telehealth delivery of exercise
detaches the exercise program from a physical location, resulting
in exercise engagement in a more convenient location, such as
the home, eliminating the need for travel, and reducing overall
time commitment [18]. Telehealth delivered exercise can also
lower the cost of participation as participants do not need to
pay for transportation or parking [18]. After transitioning two
trials from in-person to telehealth exercise, due to the impact
of the COVID-19 pandemic on in-person research,
Winters-Stone et al [19] observed better adherence and retention
for telehealth exercise compared to in-person exercise among
adult cancer survivors of all ages. In addition to addressing these
barriers, supervised, telehealth-delivered exercise programs
among adult cancer survivors of all ages have demonstrated
improvements in physical symptoms and comorbidities such
as: physical function [20,21], aerobic endurance [20,22],
muscular endurance [20,22], and fatigue [22]. Specific to older
adults living with cancer, telehealth delivery of exercise
programming is considered acceptable [23], feasible [24], and
safe [25]. Moreover, older cancer survivors view telehealth
delivery of exercise positively and report limited technology
related barriers to telehealth exercise participation [26]. Barriers
and facilitators to participating in telehealth exercise reported
by older cancer survivors are similar to those reported by their

younger counterparts [26]. To our knowledge, only two studies
to date have evaluated effectiveness of supervised telehealth
exercise programming (ie, delivered via telehealth in real time)
exclusively in older adults with cancer [24,27]. Both trials
delivered group resistance training programs and observed
significant improvements in markers of physical function after
participating in the program [24,27]. However, little is known
regarding the effectiveness of one-on-one telehealth supervised
exercise in older adults with cancer. Given the dearth of
research, we sought to address the issue in this investigation.

The purpose of this investigation was to explore the preliminary
effectiveness of a one-on-one, supervised telehealth clinical
exercise oncology program among older adults with cancer on
physical function, muscular endurance, balance, and flexibility.
We hypothesized that participation in telehealth exercise would
result in a statistically significant improvement in physical
function, muscular endurance, aerobic endurance, balance, and
flexibility among older adults with cancer.

Methods

Study Design and Sample
This was a retrospective analysis of electronic health record
data collected between March 2020 and December 2021 from
the Huntsman Cancer Institute (HCI) at the University of Utah’s
clinical exercise oncology program, the Personal Optimism
With Exercise Recovery (POWER) program. This study was
approved by the University of Utah Institutional Review Board
(IRB_00072431). To be included in this analysis participants
must have met the following inclusion criteria: (1) ≥65 years
of age, (2) diagnosis of invasive cancer, and (3) completion of
an initial POWER program assessment via telehealth.
Demographic and clinical data including age, sex, race,
ethnicity, cancer site, cancer stage, and cancer treatment history,
were pulled from the medical record. Initial and follow-up
assessment data were abstracted from the POWER program
clinical database by a trained researcher (ERD) with support
from certified exercise physiologists within our hospital-based
exercise oncology program using a study specific spreadsheet
developed in partnership with this study’s team. Data were
cleaned to ensure all measures were within a physiologically
reasonable range and units were consistent within measures (eg,
all plank assessments were reported in seconds). Cancer
treatment history from manual data abstraction was verified
with the electronic health record.

Exercise Program
The POWER program is a hospital-based exercise oncology
program embedded into clinical practice at the HCI. Details of
this clinical program have been previously published [28];
therefore, only pertinent details will be discussed here. While
the program has traditionally been offered both in-person and
via telehealth, the POWER program shifted to exclusive
telehealth delivery due to the COVID-19 pandemic in March
2020 and continued to operate primarily via telehealth through
December 2021. Anyone seeking care at the HCI is eligible to
participate in the POWER program and patients can enroll in
the program through self-referral or physician referral.
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POWER provides personalized exercise prescriptions, including
both aerobic and resistance training, to program participants
based on an initial assessment conducted by a physiatrist and
certified exercise physiologist with expertise in cancer via
telehealth. The typical length of the program was 12-weeks, but
varied based on participant preference. After about 12-weeks,
participants were encouraged to complete a telehealth follow-up
assessment to evaluate their progress (ie, reassess all baseline
measures) and revise the exercise prescription to promote
continued progress. Ultimately, the POWER program aims to
help survivors become comfortable and capable of safely
engaging in exercise independently.

The exercise prescription was individualized to each
participant’s needs and was informed by the initial telehealth
assessment which included a review of medical and cancer
treatment history, physical examination, review of current
exercise behavior, and assessment of physical function, muscular
endurance, and flexibility. Following the initial assessment each
participant met with a certified exercise physiologist twice
weekly, via telehealth, for the duration of their program, for a
supervised, 60-minute resistance training session. Body weight
training and resistance bands were the primary mode of
resistance training delivery; however, the resistance training
program may have also included resistance machines or free
weights per participant access and preference. No equipment
was provided to participants by the exercise program. Prescribed
aerobic exercise was completed unsupervised by each
participant. The goal of each participant’s program was to work
toward meeting the physical activity guidelines for cancer
survivors [29].

Participants accessed the telehealth exercise visits directly
through their online patient portal using any electronic device
that was capable of video calls (eg, smartphone, tablet, laptop,
etc). Telehealth visits were conducted directly through electronic
health records (Epic Systems Corporation) which allow certified
exercise physiologists easy access to the participants address,
contact information, and emergency contacts. Participants’
location for each telehealth exercise session and contact
information, in case the telehealth session was disconnected,
was verified by the certified exercise physiologist at the start
of each session. While survivors had an out-of-pocket cost of
approximately US $8 per telehealth exercise training visit, the
baseline and follow-up assessments were covered by medical
insurance reimbursement.

Measures

Overview
The following measures were included in the telehealth initial
and follow-up assessments in the POWER program. When
developing the telehealth assessment procedures, decisions
about which measures to include were based on the feasibility
of carrying out measures in a telehealth format and alignment
with the in-person POWER program assessment [28]. When
administering the telehealth assessments, the video camera angle
was adjusted for each assessment so that the certified exercise
physiologist could observe the full range of motion and ensure
proper form was being used.

30-Second Chair Stand Test
Lower extremity function was evaluated with the 30-second
chair stand test. Participants stood from a seated position, with
arms crossed across their chest, and were instructed to stand up
and sit down as many times as they could in 30-seconds [30].
The number of repetitions (ie, return to seated) completed in
30-seconds were recorded. Repetitions were counted using
consistent methods across assessments and assessors to optimize
the reliability of this assessment. The 30-second chair stand test
has been shown to be a good predictor of lower extremity
function in older adults [31] and safe to conduct using telehealth
in adults with cancer [32]. Moreover, the 30-second chair stand
test has good test-retest reliability in older adults with cancer
(intraclass correlation [ICC]=0.89) [33,34]. A minimal clinically
important difference (MCID) of 2.0 has been established for
the 30-second chair stand test [35].

30-Second Maximum Push-Up Test
Muscular endurance was assessed using the 30-second push-up
test. The starting position for push-ups was with the hands on
the floor approximately shoulder width apart and arms straight.
Participants were instructed to lower themselves down toward
the floor until their chest was one fist width above the floor and
then return to the starting position; this is one repetition.
Participants were asked to complete as many push-ups as
possible in 30-seconds. If the participant was unable to perform
a standard push-up (on toes), they were able to modify by
starting on their knees or performing wall push-ups depending
on ability [36]. Any modifications made at baseline were
replicated at follow-up.

2-Minute Standing March
Aerobic endurance was assessed using the 2-minute standing
march test. Participants stepped in place with a step height no
lower than the midpoint between the patella and iliac crest. The
number of steps (right and left equals one) completed in
2-minutes were recorded. If necessary, participants could use
one hand on a counter-top or a chair to assist with balance. The
2-minute standing march has been shown to be a good
alternative to the 6-minute walk test [37,38] with strong
test-retest reliability (ICC=0.99) when assessed among older
adults via telehealth [39].

Single Leg Stance
Balance was assessed using a single leg stance. Participants
were instructed to lift one foot off of the ground and balance
on one leg without holding onto anything for support for as long
as possible with their eyes open. The single leg stance was
performed once on each leg. Time balancing without assistance
(from hands or the other foot) was recorded for each leg. No
maximum time cap was imposed for the single leg stance. The
single leg stance test has demonstrated good reliability
(ICC=0.86) among older adults [40].

Plank
Participants were asked to hold a forearm plank on either their
toes or knees, self-selected based on their ability, for as long as
they were able to assess torso muscular endurance. Each
participant was instructed to keep their elbows directly under
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their shoulders with forearms extended forward and a neutral
spine and neck. The variation (ie, knees or toes) participants
selected and total time participants were able to hold the plank
were recorded. The plank assessment was not performed in
cases where contraindications, such as cardiovascular concerns
or upper extremity injuries, were present. Telehealth plank
assessment has demonstrated good reliability (ICC=0.97) among
adults [41].

Chair Sit and Reach
Hamstring flexibility was assessed using the chair sit and reach
test. Participants sat on a chair near the front edge of the seat
with one leg extended (ie, heel on the floor and foot dorsiflexed
at approximately 90 degrees) and the other leg bent with the
sole of the foot flat on the floor. Then they were asked to place
one hand on top of the other with palms facing down.
Participants were then instructed to slowly bend forward at the
hips, keeping their back flat, as they reached down the extended
leg as far as they could. A score was assigned based on how far
participants were able to reach: a 2 for the toes, 1.5 for the ankle,
1.0 for the shin, 0 for anything above the shin. The chair sit and
reach test has demonstrated good reliability (ICC=0.95) and
validity among older adults [35,42].

Shoulder Range of Motion
Range of motion in the shoulder joint was assessed by measuring
shoulder flexion, shoulder extension, and shoulder abduction.
Range of motion for each movement was observed and visually
estimated to the nearest 10 degrees during the telehealth initial
assessment. Visual estimation of shoulder range of motion has
demonstrated acceptable reliability (ICC=0.57‐0.70) among
adults [43].

Clock Test
The clock test is a modified back scratch test used to assess
shoulder internal rotation. Participants were instructed to reach
behind their back with their palm facing out with the goal of
reaching their hand as far up their back as possible. The test
was conducted on both the right and left sides. The test is scored
by visually estimating the position of the arm in correspondence
to a position on the face of a clock during the telehealth initial
assessment. Scores range from six to eleven on the right and
six to one on the left with eleven and one indicating the highest
levels of shoulder flexibility, respectively.

Statistical Analysis
Descriptive statistics were reported as means and SDs or
medians and IQRs for continuous variables and frequencies and

percentages for categorical variables. Differences in age, BMI,
and continuous initial assessment variables between older adults
with cancer who did and did not complete a follow-up
assessment were determined using independent samples t tests.
Differences in categorical demographic, clinical, and initial
assessment variables were assessed using chi-square tests.
Among the older adults with cancer that completed a follow-up
assessment, mean change variables were computed as the
difference between the follow-up and baseline values. Missing
assessment data were excluded case-wise to maximize the
sample size for each variable. Change scores were compared
to values considered to be the MCID. The 30-second chair stand
test was the only assessment with a published MCID value [35].
Paired samples t tests were conducted to determine if there were
significant differences in assessment outcomes following the
exercise intervention. Cohen d effect sizes are reported as an
indicator of effect size. A Cohen d of 0.2 was considered a small
effect, 0.5 was considered medium, and 0.8 was considered
large. For categorical outcomes mean change scores and 95%
CIs were calculated to determine change across the intervention.
All data were analyzed in SPSS (version 29.0; IBM Corp).

Ethical Considerations
The protocol and waiver of informed consent was approved by
the University of Utah Institutional Review Board
(IRB_00072431) in accordance with the Declaration of Helsinki.
All data presented were deidentified using study identification
numbers prior to analysis. Compensation was not included for
this study.

Results

Participants
A total of 68 older adults with cancer completed an initial
assessment via telehealth and participated in the POWER
program between March 2020 and December 2021. Older adults
with cancer who participated in POWER via telehealth were
71.8 (SD 5.3) years of age on average (range 65‐92 y) and

had a median BMI of 26.7 kg/m2 (IQR 7.3; Table 1). Most older
adults with cancer were female (n=45, 66.2%) and were not
actively receiving treatment during their participation in
POWER (n=40, 58.8%). The most common cancer types among
older adults were breast (n=18, 26.5%), prostate (n=13, 19.1%),
and multiple myeloma (n=8, 11.8%).
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Table . Participant demographic and clinical characteristics.

Baseline differ-
ences between
groups, P value

Follow-up assess-
ment not completed
(n=48)

Follow-up assess-
ment completed
(n=20)

Total sample
(N=68)

Variable

.3371.4 (5.5)72.8 (4.6)71.8 (5.3)Age (years), mean (SD)

.6226.2 (7.1)26.7 (7.3)26.7 (7.3)BMI (kg/m2), median (IQR)

.90Sex, n (%)

16 (33.3)7 (35)23 (33.8)Male

32 (66.7)13 (65)45 (66.2)Female

—aRace, n (%)

48 (100)20 (100)68 (100)White

.25Ethnicity, n (%)

45 (93.8)20 (100)65 (95.6)Non-Hispanic

3 (6.3)0 (0)3 (4.4)Hispanic

.72Cancer stage, n (%)

9 (18.8)3 (15)12 (17.6)I

13 (27.1)3 (15)16 (23.5)II

12 (25)6 (30)18 (26.5)III

7 (14.6)3 (15)10 (14.7)IV

6 (12.5)5 (25)11 (16.2)Unstaged

1 (2.1)0 (0)1 (1.5)Unknown

.04cActive treatmentb, n (%)

16 (33.3)12 (60)28 (41.2)Yes

32 (66.7)8 (40)40 (58.8)No

Treatment historyd, n (%)

.04cChemotherapy

23 (47.9)15 (75)38 (55.9)Yes

25 (52.1)5 (25)30 (44.1)No

.78Hormone therapy

21 (43.8)8 (40)29 (42.6)Yes

27 (56.3)12 (60)39 (57.4)No

.67Immunotherapy

12 (25)6 (30)18 (26.5)Yes

36 (75)14 (70)50 (73.5)No

.81Surgery

35 (72.9)14 (70)49 (72.1)Yes

13 (27.1)6 (30)19 (27.9)No

.20Radiation

16 (33.3)10 (50)26 (38.2)Yes

32 (66.7)10 (50)42 (61.8)No

Number of treatment types, n (%)

—3 (6.2)0 (0)3 (4.4)None

.719 (18.8)3 (15)12 (17.7)Unimodale
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Baseline differ-
ences between
groups, P value

Follow-up assess-
ment not completed
(n=48)

Follow-up assess-
ment completed
(n=20)

Total sample
(N=68)

Variable

.8113 (27.1)6 (30)19 (27.9)Bimodalf

.6023 (47.9)11 (55)34 (50)Multimodalg

.62Cancer type, n (%)

2 (4.2)0 (0)2 (2.9)Bladder

0 (0)1 (5)1 (1.5)Brain

13 (27.1)5 (25)18 (26.5)Breast

2 (4.2)0 (0)2 (2.9)Colon

2 (4.2)1 (5)3 (4.4)Endometrial

2 (4.2)0 (0)2 (2.9)Fallopian tube

1 (2.1)0 (0)1 (1.5)Gallbladder

2 (4.2)0 (0)2 (2.9)Kidney

0 (0)1 (5)1 (1.5)Leukemia

1 (2.1)0 (0)1 (1.5)Lung

1 (2.1)1 (5)2 (2.9)Lymphoma

1 (2.1)0 (0)1 (1.5)Melanoma

5 (10.4)3 (15)8 (11.8)Multiple myeloma

1 (2.1)1 (5)2 (2.9)Multiple cancer types

1 (2.1)3 (15)4 (5.9)Ovarian

2 (4.2)0 (0)2 (2.9)Peritoneal

9 (18.8)4 (20)13 (19.1)Prostate

1 (2.1)0 (0)1 (1.5)Rectal

1 (2.1)0 (0)1 (1.5)Squamous cell carcinoma

1 (2.1)0 (0)1 (1.5)Uterine

aNot able to detect differences between groups.
bActive treatment: receiving any curative treatment during participation in the Personal Optimism With Exercise Recovery program.
cStatistical significance (P<.05).
dTreatment history: receiving the treatment type at any point in their care.
eUnimodal: 1 treatment type.
fBimodal: 2 treatment types.
gMultimodal: 3 or more treatment types.

Of the 68 older adults who completed an initial assessment and
participated in POWER, 29.4% (n=20) completed a telehealth
follow-up assessment. The median time elapsed between initial
and follow-up assessments was 16.5 weeks (IQR 5.75). The
majority of older adults with cancer who completed a follow-up
were on active treatment (n=12, 60%). Statistically significant
differences were not observed among the following clinical and
demographic variables among older adults with cancer who did
and did not complete a follow-up assessment: age, BMI, sex,
race, ethnicity, cancer stage, history of hormone therapy,
immunotherapy, surgery, and radiation, number of treatment

types, or cancer type. A statistically significant difference was
observed for the proportion of older adults with cancer who
reported being on active treatment (P=.04) and having received
chemotherapy (P=.04) between those who did and did not
complete a follow-up assessment.

Change in Measured Outcomes
Values for each measured outcome from the initial telehealth
assessment are reported in Table 2. There were no significant
differences in initial assessment outcomes between the follow-up
and no follow-up groups (P>.05).
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Table . Initial assessment data.

Total sampleBetween
group differ-
ence

Follow-up assessment not com-
pleted

Follow-up assessment complet-
ed

Variable

Mean (SD)nP valueMean (SD)nMean (SD)n

77.1 (4.3)61.9877.2 (33.3)4277 (35.4)19Standing march

13.1 (3.8)58.7713.2 (3.5)3812.9 (4.3)2030-s maximum push-up

12.6 (6)61.8412.7 (5.8)4212.3 (6.7)1930-s chair stand

68.6 (53.3)55.3863.8 (57.2)3179.1 (43.4)14Plank (s)

Single leg stance (s)

23.8 (25.1)52.2520.8 (23.8)3329.2 (26.9)19Right

26.4 (25)52.8926.7 (24.5)3325.7 (26.5)19Left

Shoulder flexion (degrees)

165.6 (14.6)64.37164.4 (16.5)44168 (8.8)20Left

165.9 (17.2)64.97165.9 (16)44165.8 (20)20Right

Shoulder extension (degrees)

59.1 (11.3)63.7859.4 (12.2)4358.5 (9.6)20Left

59.3 (10.4)63.5059.9 (11)4358 (9.1)20Right

Shoulder abduction (degrees)

169.3 (15.6)64.51168.5 (17.1)44171.3 (12.1)20Left

169 (19.1)64.94168.9 (18.2)44169.3 (21.5)20Right

Clock test

4.2 (3.3)59.274.5 (3.4)393.5 (3)20Left

8.8 (2.2)60.528.5 (2.6)409.4 (1.1)20Right

Seated sit and reach

1.6 (0.5)62.161.6 (0.4)421.4 (0.6)20Left

1.5 (0.5)62.401.6 (0.5)421.4 (0.6)20Right

Change in measured outcomes are reported in Table 3.
Statistically significant changes were observed for the 30-second
chair stand test (mean change +2.00 repetitions, 95% CI 0.12
to 3.88, Cohen d=0.51) and 30-second maximum push-up test
(mean change +2.85 repetitions, 95% CI 1.60 to 4.11, Cohen
d=1.06). Nine (47.3%) older adults with cancer had a change
in 30-second chair stand scores that exceeded the MCID of 2.0
repetitions [35], and 14 (73.7%) older adults maintained their
30-second chair stand scores across the intervention. Although
not statistically significant, positive changes were observed for

the 2-minute standing march (mean change +12.79 repetitions,
95% CI −0.64 to 26.22, Cohen d=0.46), single leg stance on the
left (mean change +4.80 s, 95% CI −0.67 to 10.27, Cohen
d=0.44) and right (mean change +1.0 s, 95% CI −8.04 to 10.05,
Cohen d=0.06), and shoulder abduction on the left (mean change
+2.25 degrees, 95% CI −3.75 to 8.25, Cohen d=0.18) and right
(mean change +0.25 degrees, 95% CI −4.34 to 4.84, Cohen
d=0.03). The results from univariate analysis of covariance
paralleled results from paired samples t tests.
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Table . Change in assessment variables across the exercise intervention.

Cohen daP value95% CIMean changeQuantity, nVariable

0.46.06−0.64 to 26.2212.7919Standing march

1.06<.001b1.60 to 4.112.852030-s maximum push-up

0.51.04b0.12 to 3.8821930-s chair stand

0.17.55−22.51 to 12.51−513Plank (s)

Single leg stance (s)

0.44.08−0.67 to 10.274.818Left

0.06.82−8.04 to 10.05118Right

Shoulder flexion (degrees)

0.11.63−6.56 to 4.06−1.2520Left

0.33.16−8.54 to 1.54−3.520Right

Shoulder extension (degrees)

0.09.69−4.64 to 3.14−0.7520Left

0.07.76−3.97 to 2.97−0.520Right

Shoulder abduction (degrees)

0.18.44−3.75 to 8.252.2520Left

0.03.91−4.34 to 4.840.2520Right

Clock test

——c−0.96 to 4.331.720Left

——−1.73 to 0.68−0.5320Right

Seated sit and reach

——−0.11 to 0.360.1320Left

——−0.09 to 0.390.1520Right

aCohen d interpretation: small=0.2, medium=0.5, and large=0.8.
bStatistical significance (P<.05).
cNot applicable.

Discussion

Principal Findings
This study aimed to evaluate the preliminary effectiveness of
a hospital-based telehealth exercise oncology program on
physical function, muscular endurance, balance, and flexibility
among older adults with cancer. Our findings demonstrate that
supervised, one-on-one telehealth exercise may positively
influence physical function among older adults with cancer.
Additionally, nearly half (n=9) of individuals who completed
a follow-up assessment exceeded an MCID change in the
30-second chair-stand test, a marker of lower extremity function.

Comparison to Prior Work
The majority of research surrounding telehealth supervised
exercise programs for older adults without [44,45] and with
cancer [24,27] has focused on group exercise. Less is known
about one-on-one telehealth exercise. Among older adults
without cancer, participating in at least 12-weeks of supervised
group telehealth exercise training prevents declines in physical
function [44,45]. Among older adults with cancer, a feasibility

study by Sattar et al [24] evaluated an 8-week group telehealth
strength and balance training program and observed significant
improvements in five time chair stand test scores. Additionally,
Gell et al [27] carried out a pilot trial examining a 16-week
group telehealth aerobic and resistance training program and
observed significant improvements in 30-second chair stand
test scores. Collectively, group telehealth exercise programming
among older adults with and without cancer is effective at
improving physical function.

Findings from this study contribute to the literature by
addressing an important gap in our understanding regarding the
effectiveness of one-on-one telehealth exercise among older
cancer survivors. Among cancer survivors of all ages (range
14‐83 y), effectiveness of one-on-one supervised telehealth
exercise has been evaluated [22]. Following 12-weeks of
one-on-one training with a cancer exercise trainer once per
week, cancer survivors significantly improved cardiovascular
endurance, muscular endurance, and flexibility [22]. Findings
from our study support previous research suggesting one-on-one
telehealth exercise programs may positively influence physical
function among older adults with cancer. Without exercise
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intervention, we would expect to see little to no change in
physical function parameters over short durations in older adults
living with cancer. Over 13-weeks Mikklesen et al [11] found
a mean change of +0.4 repetitions in the 30-second chair stand
test and −1.0 points in self-reported physical function among
older cancer survivors receiving standard of care and no exercise
intervention. Over longer durations (eg, ≥1 y) functional declines
are greater and can persist for years following diagnosis [6].
Preventing declines in physical function is important in this
population because physical function has been shown to have
a protective effect against all-cause mortality in older adults
with cancer [8].

In addition to examining the effect of one-on-one, supervised
telehealth exercise on physical function in older adults with
cancer, we also characterized older adults with cancer who chose
to participate in a telehealth exercise program. This information
adds to our body of knowledge by demonstrating that older
adults with cancer can engage in one-on-one telehealth delivered
exercise programs. Additionally, we observed that a significantly
greater proportion of older adults with cancer who were on
active treatment or had received chemotherapy completed a
follow-up assessment. This finding suggests that older cancer
survivors on active cancer treatment are willing to engage in
telehealth exercise which is important as recent
recommendations from the American Society of Clinical
Oncology encourage cancer survivors on active treatment to
participate in aerobic and resistance exercise [46].
Understanding who we are reaching with telehealth exercise
programs, who may be missing, and who completes a telehealth
follow-up assessment can inform the development of
interventions to improve the engagement and reach of telehealth
delivered exercise programming among cancer survivors of all
ages.

Strengths and Limitations
To our knowledge, this is one of the first studies that has
evaluated effectiveness of one-on-one telehealth exercise
programming exclusively among older adults with cancer and
characterized the older adults who used this programming. We
consider this a strength of our work. Additionally, the use of an

established hospital-based exercise oncology program with over
15 years of experience offering telehealth exercise ensured
high-quality exercise programming in this study. However, our
study is not without limitations. First, the low follow-up
assessment completion rate resulted in a small sample size and
an underpowered analysis to demonstrate statistically significant
changes in all outcomes measured. Therefore, the findings from
this study are preliminary and additional research with a larger
sample is needed. Second, the retrospective design of this study
may have resulted in selection bias of participants who were
more motivated to exercise and follow-up. Highly motivated
individuals may be more likely to complete a follow-up
assessment in the program potentially confounding the effects
of the telehealth exercise program. Third, baseline and follow-up
assessments were scheduled based on the participants’
availability which resulted in different staff conducting baseline
and follow-up assessments for some participants. However, a
small team of certified exercise physiologists administered all
virtual assessments, adhering to standardized program
procedures to minimize interrater variability. Fourth, the lack
of a nonexercise control group limits the conclusions that can
be made regarding the ability of telehealth exercise to prevent
declines in physical function. Future work should consider a
prospective study design and inclusion of potential confounding
variables as covariates to determine the effectiveness of
one-on-one telehealth exercise on markers of physical function.

Conclusions
In summary, older adults living with and beyond cancer are
able to participate in an exercise oncology program delivered
via telehealth. Our findings provide preliminary evidence that
telehealth may be a beneficial tool to facilitate exercise program
delivery among older adults following a cancer diagnosis.
However, telehealth exercise should not be considered a
one-size-fits-all all approach as in-person, telehealth, or a
combination of the two may be a better fit for some older adults
with cancer, based on their needs and preferences. Further
research is needed to understand the magnitude of the effects
of one-on-one, supervised telehealth exercise on physical
function among older adults with cancer.
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Abstract

Background: Exercise interventions are among the best-known interventions for cancer-related fatigue (CRF). Rural survivors
of cancer, however, report specific barriers to engaging in exercise programs and lack overall access to effective programs.

Objective: The purpose of this investigation was to assess the feasibility of a novel telehealth exercise program designed
specifically for rural survivors of cancer with CRF.

Methods: A single-arm clinical trial of the BfitBwell Telehealth Program was performed. Based on an established clinical
program, this adapted 12-week program addressed barriers previously reported by rural survivors by providing synchronous
videoconference exercise sessions (2 per program), asynchronous exercise sessions using a personal training smartphone or
internet app (3-5 per week), and regular symptom (CRF) monitoring using automated emailed surveys (every 2 weeks). Personalized
exercise prescriptions containing aerobic and resistance activities were implemented by cancer exercise specialists.
Symptom-triggered synchronous sessions were initiated for participants failing to improve in CRF, as identified by a reference
chart of CRF improvements observed during a supervised exercise program. Eligible participants were adult survivors of any
cancer diagnosis who had completed treatment with curative intent in the past 12 months or had no planned changes in treatment
for the duration of the study, lived in a rural area, and were currently experiencing CRF. Feasibility was assessed by objective
measures of recruitment, data collection, intervention acceptability and suitability, and preliminary evaluations of participant
responses. CRF was the primary clinical outcome (assessed using the Functional Assessment of Chronic Illness Therapy—Fatigue
Scale [FACIT-Fatigue]) and was measured before, after, and 6 months after program completion.

Results: In total, 19 participants enrolled in the study, 16 initiated the exercise program, and 15 completed the program. A total
of 14 participants were recruited through internet advertisements, and the total recruitment rate peaked at 5 participants per month.
Participants completed 100% of initial and final assessments (30 assessments across all participants) and 93% (70/75 possible
surveys across all participants) of emailed surveys and attended 97% (29/30 possible sessions across all participants) of synchronous
exercise sessions. In total, 6 participants initiated symptom-triggered sessions, with 6 of 7 initiated sessions attended. The mean
FACIT-Fatigue scores significantly improved (P=.001) by 11.2 (SD 6.8) points following the completion of the program. A total
of 13 participants demonstrated at least a minimal clinically important difference in FACIT-Fatigue scores (≥ +3 points) at this
time. FACIT-Fatigue scores did not significantly change from program completion to 6-month follow-up (n=13; mean change
–1.1, SD 3.4 points; P=.29).
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Conclusions: Results from this investigation support the feasibility of the BfitBwell Telehealth Program and a subsequent
efficacy trial. Novel program components also provide potential models for improving exercise program efficacy and efficiency
through asynchronous exercise prescription and symptom monitoring.

Trial Registration: ClinicalTrials.gov NCT04533165; https://clinicaltrials.gov/study/NCT04533165

(JMIR Cancer 2025;11:e59478)   doi:10.2196/59478

KEYWORDS

cancer-related fatigue; telehealth; physical activity; survivorship; digital health; lifestyle intervention; videoconference; symptom
burden; symptom monitoring; geographic disparities; mHealth

Introduction

Cancer-related fatigue (CRF) is one of the most common and
functionally limiting symptoms reported by survivors of cancer,
with an estimated prevalence of 49% to 62% [1-4]. It is present
in over a quarter of survivors up to 10 years after the completion
of treatment [5], and survivors regularly report CRF as the
symptom preventing them from living a “normal” life as well
as the cause of major life events such as employment changes
[6]. Participation in exercise interventions is an established
intervention for the improvement of CRF in survivors of cancer
[7,8], and a multidisciplinary roundtable pronouncement by the
American College of Sports Medicine (ACSM) indicated that
there is strong evidence that exercise can significantly reduce
CRF. The current ACSM recommendation for an effective
exercise prescription to remediate CRF is moderate-intensity
aerobic training at least 3 times per week for at least 30 minutes
and moderate-intensity resistance training at least 2 times per
week [9].

Survivors of cancer living in rural locations [10], however,
commonly lack access to many supportive services compared
to nonrural survivors, including clinical exercise programs [11].
Rural survivors commonly report many specific barriers to
engaging in exercise programs including lack of knowledge of
available programs, distance and transportation to programs,
lack of access to a knowledgeable exercise provider, and lack
of flexibility in programming (in terms of time and location)
[12,13]. An overall lack of accessible exercise programs for
rural survivors has been identified in a recent review [14]. A
survey of rural survivors reported that only 38% and 10% were
currently meeting aerobic and resistance training guidelines for
survivors, respectively [12], demonstrating a clear need to
increase accessible exercise programs for this population.

While current initiatives are designed to increase the
accessibility of exercise programs for rural survivors of cancer
[15,16], additional opportunities exist in the development of
novel rural-focused program designs. The Exercise for Cancer
to Enhance Living Well study in Canada [15] provides an
exemplary model of using and improving clinical networks to
increase awareness of and access to exercise oncology programs
for rural survivors. The intervention itself, however, mirrors
the available supervised programs by replacing in-person
services with telehealth services, similar to other telehealth
adaptations in the United States [17], which may not address
all barriers experienced by survivors in rural areas. Beyond
these examples, most other currently accessible exercise
programs for rural survivors are phone-based walking programs

[14]. Given that supervised exercise programs consistently
demonstrate greater improvements in CRF compared to
unsupervised programs [8], the efficacy of these current
programs may be limited by the lack of consistent supervision
and the recommended resistance exercise. Continued innovation
in program designs specifically for the rural population is
required to truly reduce geographic disparities targeting both
improved accessibility and efficacy.

The purpose of this single-arm feasibility study was to assess
a novel telehealth exercise program designed specifically for
rural survivors of cancer with CRF, with an emphasis on
replicating the CRF improvements seen in clinically supervised
exercise programs. The program addresses known participation
barriers for rural survivors and uses a validated reference chart
of CRF improvement in a supervised program combined with
regular symptom monitoring and symptom-triggered
intervention. Data collection and outcome selection were
designed to assess recommended objectives for feasibility
studies [18] including recruitment, data collection, intervention
acceptability and suitability, and a preliminary evaluation of
participant responses. It was hypothesized that the program
would demonstrate overall feasibility based on these objectives,
providing support for a larger efficacy study.

Methods

Study and Program Design
This was a single-arm clinical trial of the BfitBwell Telehealth
Program (Figure 1), with assessments at baseline, program
completion (12 weeks), and 6-month follow-up. Data collection
occurred between November 2021 and September 2023. This
12-week telehealth exercise program was adapted from the
clinically supervised BfitBwell Cancer Exercise Program
[19,20]. Initial adaptations were made internally by program
and research staff and designed to (1) address known barriers
to exercise participation in rural survivors of cancer and (2)
replicate the effects of a supervised clinical exercise program
via telehealth. The specific barriers addressed were distance
and transportation, lack of program flexibility (in regard to time
and location), and lack of access to a knowledgeable exercise
provider [12,13]. Participation in the BfitBwell Telehealth
Program was decentralized, with centralized program oversight,
to remove distance and transportation barriers. Three telehealth
technologies were used: videoconferencing software (Zoom
Video Communications, Inc), a personal training smartphone
or internet app (TrueCoach Inc), and automated emails (REDCap
[Research Electronic Data Capture]; Vanderbilt University
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[21,22]). The majority of exercise sessions were delivered
asynchronously (ie, without real-time interaction between the
participant and cancer exercise specialist [CES]) via the personal
training app to provide program flexibility. Participants received
scheduled (eg, recommended day of performance) and
personalized exercise sessions via the app, but the timing of
performance was determined by participants (eg, participants
could complete sessions at any time of day, and “missed”

sessions could be performed on later days). The personal training
app also allowed embedded text communication between the
prescribing CES and the participant following each individual
exercise or exercise session. This within-app communication
facilitated direct access to a knowledgeable exercise provider,
as did regular engagement via automated emails for symptom
monitoring.

Figure 1. The design of the BfitBwell Telehealth Program with the timing of program components delivery. CES: cancer exercise specialist; PRO:
patient-reported outcome; REDCap: Research Electronic Data Capture.

Symptom monitoring was accomplished by plotting individual
participant CRF scores on a validated reference chart of CRF
improvements during a supervised exercise program [23]. The
reference chart displays the typical course of CRF improvement
for individuals in the supervised BfitBwell Cancer Exercise
Program, against which the progress of individual participants
can be easily monitored. The supervised BfitBwell Cancer
Exercise Program has demonstrated effectiveness for improving
CRF [19,20]. This type of reference chart has previously been
proposed to inform personalized rehabilitation in other clinical
populations [24,25]. In the BfitBwell Telehealth Program, CRF
was monitored every 2 weeks and used to initiate
symptom-triggered exercise sessions for participants failing to
improve as predicted by the reference chart (see Symptom
Tracking and Symptom-Triggered Sessions section). This served
as the primary means of replicating the effects of a supervised
program in a rural setting, as the reference chart allows
individual participant progress to be compared to that of similar
participants from a supervised program.

Finally, to promote participant safety in this remote telehealth
context, a detailed safety and emergency response plan was
developed. This plan included regular verification of the physical
location of all videoconference sessions and the identification

of a nearby “local support individual” (though this individual
did not need to be present for assessments or sessions). Detailed
plans of action were developed for emergent and nonemergent
adverse events.

Participants
Eligibility criteria for participation were adults ≥18 and ≤80
years of age, a diagnosis of any cancer type and any stage,
completion of medical cancer treatment with curative intent
within the past 12 months, or currently receiving treatment with
no planned changes for the next 4 months. These criteria are
similar to the patient population in the supervised BfitBwell
Cancer Exercise Program and the associated CRF reference
chart. Additional eligibility criteria included current moderate
to severe CRF (>3 on a 10-point scale per National
Comprehensive Cancer Network definition [26]), high-speed
home internet and videoconference capable device (smartphone
or laptop with camera), and residence in a rural area (defined
here as >1-hour commute to a major city in Colorado or
surrounding states with a known exercise oncology program,
based upon review of a national program directory) [27].
Exclusion criteria included medical conditions that would impact
the safety of, or participation in, a telehealth exercise program
(eg, significant pulmonary or cardiovascular conditions and
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mobility-limiting orthopedic conditions). These conditions were
self-reported on screening forms and individually reviewed by
a licensed physical therapist (RJM) to determine eligibility.
Safety was again assessed by the same therapist during the initial
assessment (see Assessments section)).

A power analysis was not performed a priori, but a goal of 20
enrolled participants (with 15 completing the program) was set
at study initiation. This recruitment goal was based primarily
on the capacity of the supporting clinical exercise program
combined with historical attrition rates of 25%.

Recruitment and Enrollment
Initial recruitment efforts were made through clinical staff at a
large urban cancer center that serves rural Colorado and
surrounding states. Incoming and recent participants in the
supervised BfitBwell Cancer Exercise Program were screened
for eligibility. Recruitment efforts were later adapted to include
targeted internet and social media advertisements (BuildClinical,
LLC). Participants recruited through these efforts completed
screening evaluations via emailed surveys or phone calls with
study personnel. Eligible and interested participants were then
invited to live videoconference sessions to further discuss the
study and provide written informed consent. Enrolled
participants were mailed all necessary equipment including a
resistance exercise band set, a commercial fitness tracker
(Withings Move, Withings Health), a smartphone tripod, an
aerobic step (adjustable height 2-8 inches), and other necessary
assessment equipment (eg, a measured length of rope, tape
measure, and a pulse oximeter). Participants were incentivized
to enroll by being allowed to keep all mailed study equipment,
and gift cards were distributed to facilitate program and
within-program survey completion.

Primary Clinical Outcome
CRF was the primary clinical outcome and was assessed using
the Functional Assessment of Chronic Illness Therapy—Fatigue
Scale (FACIT-Fatigue) [28]. The FACIT-Fatigue is one of the
most common measures of CRF with demonstrated reliability
and validity in survivors of cancer [8,29]. It is a 13-item scale
with scores ranging from 0 to 52, with higher scores indicating
less CRF, asking participants to consider how they have felt
during the past week. The minimal clinically important
difference (MCID) of the FACIT-Fatigue scale has been
identified as 3 points [30].

Assessments
Initial and final assessments were performed via
videoconference by a licensed physical therapist (RJM, separate
from program CESs). In addition to collecting study outcomes,
the initial assessment served as a final assessment of participant
safety (based on the physical therapist’s clinical observations
and judgment) and provided information used by the CES to
personalize the exercise prescription. Demographic and
cancer-related information were collected, and basic measures
of physical fitness and function were performed similar to prior
studies of telehealth assessments in survivors of cancer (adapted
to be performed safely if the participant was alone) [31].
Physical assessment outcomes included single limb stance [32],
gait speed [33], timed up and go [33], 30-second sit-to-stand

[34], and a 3-minute step test (following the Tecumseh protocol
[35]). Participants were interviewed about previous exercise
experience, exercise preferences and goals, and available
exercise resources (eg, home equipment and local gymnasiums).
Patient-reported outcomes were then collected via emailed
surveys. These included the FACIT-Fatigue [28], Functional
Assessment of Cancer Treatment—General [36], Hospital
Anxiety and Depression Scale [37], and the Godin Leisure-Time
Exercise Questionnaire (GLTEQ, modified to estimate weekly
moderate to vigorous physical activity and resistance exercise)
[38]. Assessments occurred within the 2 weeks prior to
intervention initiation and after completion. Patient-reported
outcomes were again emailed to participants 6 months following
program completion (follow-up assessment).

Exercise Intervention
Exercise prescription followed current recommendations for
survivors of cancer from the ACSM, specifically targeting 2
resistance exercise sessions and three 30-minute aerobic exercise
sessions per week [9]. The prescribed exercise plan was
delivered by 2 CESs employed by the supervised BfitBwell
Cancer Exercise Program and resembled typical sessions for
this program, previously described [19,20]. Both CESs (IAM
and JJS) had an undergraduate degree in exercise science (or a
related field), an exercise training certification (ACSM Certified
Exercise Physiologist or equivalent), and at least 4 years of
experience working exclusively with survivors in the supervised
BfitBwell Cancer Exercise Program, and the primary CES
(IAM) had an ACSM-CES certification. Resistance exercises
targeted large upper and lower extremity muscle groups (using
resistance bands, participant equipment, household objects, and
body weight), and aerobic exercise was based on participant
preference and available equipment (typically outdoor walking,
treadmill walking, or stationary cycling). All exercise plans
were personalized based on participant abilities, preferences,
and available resources (established during the initial
assessment).

Exercise Sessions
One-hour, synchronous videoconference telehealth exercise
sessions were scheduled with all participants in weeks 1 and 6.
These sessions were performed in real time with the CES and
participants interacting via live videoconference, mirroring an
in-person supervised exercise session. Session content focused
on providing education on exercise, demonstration and practice
of proper exercise form, and supervised performance of
exercises prescribed in the subsequent 6 weeks. All other
exercise sessions (except the symptom-triggered sessions
described in the next section) were delivered asynchronously
via the personal training smartphone or internet app and included
detailed individualized exercise content with embedded videos
of a program CES performing the prescribed exercises.
Participants had to indicate each exercise as completed within
each session, creating a self-report measurement of
asynchronous session completion. The embedded text
communication between the prescribing CES and participant
was regularly reviewed by the CES, who would then respond
and adapt subsequent asynchronous exercise sessions, as
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necessary. The app was available via both smartphone app and
internet browser.

Symptom Tracking and Symptom-Triggered Sessions
Participants were emailed the FACIT-Fatigue 2 days prior to
initiating the exercise program and every 2 weeks during the
program, with daily reminders sent for up to 3 days.
FACIT-Fatigue scores were monitored using the CRF reference
chart to detect whether an individual’s progress matched the
typical progress of similar individuals in a supervised exercise
program, based on percentile rank established by initial scores.
A symptom-triggered, synchronous videoconference exercise
session was scheduled in the week following a FACIT-Fatigue
score ≥3 points lower than the projected percentile at a given
measurement time. The threshold was based on the MCID of
the FACIT-Fatigue [30] in an attempt to ensure that
symptom-triggered sessions were initiated due to a true lack of
progress rather than normal variation or measurement error.
Symptom-triggered session length ranged from 15 to 60 minutes,
and a CES discussed program progress and challenges with the
participant, with adaptations made to improve program response.
These sessions were designed to mirror what would occur in a
supervised program for participants who expressed a poor
exercise response (eg, stated they continued to have fatigue) or
in whom the CES identified a poor response (eg, performance
plateau or decline). Common adaptations included changes in
various exercise prescription components (Frequency, Intensity,
Timing, and Type, via the ACSM guidelines [39]) and were
made based on CES judgment in each occurrence. Emailed
surveys also included a simple form for participants to ask
exercise-related questions and request an additional
videoconference exercise session the following week, even if
not triggered by FACIT-Fatigue scores.

Outcomes

Rationale
All outcomes were designed based on the recommended
objectives, with guiding questions, for feasibility studies, as
described by Orsmond and Cohn [18]. The current investigation
focused on the use of collected objective data. While the ability
of the research team to conduct the study and provide the
intervention was not directly assessed, evaluation of other
objectives allowed an indirect assessment (eg, successful data
collection and attendance rates support the ability of the research
team to perform these tasks). “Success” thresholds for feasibility
outcomes were not set a priori, but rather outcomes were
assessed holistically following the study as a means of assessing
overall feasibility, providing the context of experience acquired
while delivering the pilot program.

Recruitment
The number of participants screened, determined eligible, and
ultimately enrolled were tracked, as was the recruitment rate
(participants enrolled per month). The medium by which
enrolled participants were recruited was recorded (eg, clinical
referral or targeted internet and social media advertisements).
The demographics of enrolled participants were summarized
and separated by those who did and did not complete the
program.

Data Collection
Completion rates of all clinical program outcomes from the
initial, final, and follow-up assessments were calculated.
Completion rates of the within-program emailed surveys (of 5
total) were calculated.

Intervention Acceptability and Suitability
Attendance rates were calculated for videoconference
assessments and synchronous exercise sessions (including both
the standard [2 sessions] and symptom-triggered sessions [up
to 5 sessions]). Completion rates were calculated for
asynchronous exercise sessions (based on downloaded session
logs including previously described self-reported completion).
Program safety was assessed by recording the number and nature
of adverse events.

Preliminary Evaluation of Participant Responses
Participant responses to the intervention were evaluated by
calculating changes in patient-reported and physical outcomes
from initial to final assessments. Maintenance of participant
responses following the intervention was investigated by
calculating changes in patient-reported outcomes from final to
follow-up assessments. FACIT-Fatigue change was also assessed
on an individual participant level, with the number of
participants achieving an MCID following the program
determined. Within-program individual changes were visually
investigated by plotting FACIT-Fatigue scores on the CRF
reference chart, along with the occurrence of symptom-triggered
sessions.

Statistical Analysis
As a feasibility study with a small sample size, the majority of
outcomes were summarized with descriptive statistics (counts,
percentages, means, and SDs) and separately quantified for each
assessment time point (initial, final, and follow-up) when
appropriate. Following recommendations [18], the preliminary
evaluation of participant responses was assessed using multiple
approaches. In addition to the descriptive statistics provided for
clinical outcomes and their change scores, the significance of
change scores was assessed by statistically comparing these
scores to 0 (ie, representing no change) using the nonparametric
Wilcoxon signed rank test, as recommended for smaller studies
as it does not assume a normal data distribution [40].
Significance was set at α<.05, established a priori, without
correction for multiple tests, but with the presentation of
individual P values facilitating further scrutiny. The clinical
meaningfulness of changes in FACIT-Fatigue scores, the
primary clinical outcome, was assessed by summarizing the
participant-level outcomes and visual investigations (see
Preliminary Evaluation of Participant Responses section). Only
participants with available data were included in each analysis,
with sample sizes reported for each analysis. All statistical
analyses were performed using R statistical software (R
Foundation for Statistical Computing).

Ethical Considerations
This study was reviewed and approved by the Colorado Multiple
Institutional Review Board (COMIRB # 20-2015) and registered
on ClinicalTrials.gov (NCT04533165). All participants provided
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written informed consent prior to enrollment. Participants were
incentivized to enroll by being allowed to keep all distributed
assessment and exercise equipment (approximate US $200
value). Within-program survey completion was incentivized by
providing a US $50 gift card if at least 3 were completed.
Participation in the final assessment was incentivized with a
US $50 gift card upon completion. Study data were stored
securely in REDCap, and analyses used deidentified data.

Results

Recruitment
Figure 2 displays the flow of participants from screening to
program completion, with attrition at each stage. Ultimately,
51 survivors of cancer were screened, 19 enrolled in the
program, and 15 completed the program. All enrolled
participants reported a “White” racial background. No
participants reported Hispanic or Latino ethnicity. Of the
enrolled participants, 14 (74%) were recruited through internet
and social media advertisements, 4 (21%) were recruited from
a registry of past participants in the supervised BfitBwell Cancer
Exercise Program, and 1 person was recruited through clinical

connections at a large urban cancer center. When all recruitment
efforts were active, the maximum recruitment rate was 5
enrolled participants per month. Demographics and
cancer-related data for enrolled participants, separated by those
who did and did not complete the program, are shown in Table
1, and reasons for study withdrawal are shown in Figure 2 (note
that most withdrawal reasons are unrelated to demographic and
cancer-related data). All subsequent results include only
participants who completed the program (and follow-up
assessment when relevant).

One participant was withdrawn from the study due to the clinical
determination that participation in a telehealth exercise program
would not be safe due to previously unreported balance
impairments, making the participant ineligible for the
investigation. This safety determination was based primarily
upon movement observation and objectively supported by poor
performance on physical measures (single limb stance=3.5
seconds, gait speed=0.92 m/s, and inability to perform step test
despite adaptation). Upon informing the participant of this
decision, the study team facilitated a connection to a nearby
facility providing supervised and skilled rehabilitation.

JMIR Cancer 2025 | vol. 11 | e59478 | p.649https://cancer.jmir.org/2025/1/e59478
(page number not for citation purposes)

Marker et alJMIR CANCER

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Figure 2. Illustration of screening, enrollment, and attrition during the study. CRF: cancer-related fatigue.
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Table 1. Enrolled participant demographic and cancer-related information.

Did not complete program (n=4)Completed program (n=15)

Age (years)

55.5 (8.1)60.7 (6.7)Mean (SD)

44-6349-71Range

4 (100)11 (73)Sex distribution (female), n(%)

BMI (kg/m2)

34.2 (11.9)26.3 (4.1)Mean (SD)

20.8-43.620.1-33.7Range

Cancer diagnosis, n (%)

3 (75)6 (40)Breast

1 (25)1 (7)Colorectal

0 (0)1 (7)Kidney

0 (0)1 (7)Lung

0 (0)2 (13)Multiple myeloma

0 (0)1 (7)Non-Hodgkin lymphoma

0 (0)1 (7)Ovarian

0 (0)1 (7)Prostate

0 (0)1 (7)Thyroid

Receiving current treatment, n (%)

0 (0)3 (20)Chemotherapy

0 (0)1 (7)Immunotherapy

0 (0)5 (33)Hormonal therapy

4 (100)6 (40)None

Data Collection
All physical assessment outcomes were successfully completed
during the initial and final assessments except the 3-minute step
test. In total, 3 participants were unable to maintain the required
step rate for the duration of the test, 1 participant did not perform
the test due to concerns of exceeding a safe heart rate (85%
age-predicted maximum), and 2 participants experienced
technical difficulties in measuring heart rate following
completion of the test. All patient-reported outcomes were
successfully completed at the initial assessment, and only 1
participant failed to complete both the Hospital Anxiety and
Depression Scale and GLTEQ (presented last in emailed
surveys) at the final assessment. In total, 13 (87% of those
completing the program) participants completed all
patient-reported outcomes at the follow-up assessment. The
average completion rate of the within-program emailed surveys
was 93% (70/75 surveys across all participants), with 12 (80%
of those completing the program) completing 100%.

Intervention Acceptability and Suitability
Attendance at initial and final videoconference assessments was
100% (30/30 possible assessments attended across all
participants). Attendance at videoconference exercise sessions
(weeks 1 and 6) was 97% (29/30 possible sessions attended),
with only 1 participant missing 1 session. In total, 7

symptom-triggered sessions were initiated in 6 participants,
with 6 (86%) of these sessions attended. A total of 3 participants
requested 1 additional session, and 1 participant requested 2
additional sessions (non–CRF related). A total of 5 participants
did not trigger or request any additional sessions. Participants
received an average of 58 (SD 7) asynchronous sessions each,
with an average of 49 (SD 11) indicated as complete (49/58,
84%, individual range 38%-100% [23/60 and 60/60 possible
sessions completed, respectively]).

In total, 7 adverse events were reported in 6 participants. Of
them, 2 were minor musculoskeletal issues (muscle strains)
likely related to the exercise intervention. The remaining events
were unrelated to the exercise intervention (minor
musculoskeletal issues and illness).

Preliminary Evaluation of Participant Responses
Table 2 displays the averages and changes in all outcomes at
initial, final, and follow-up assessments. Group changes in all
patient-reported outcomes from initial to final assessments were
significantly different from 0 (in directions demonstrating
improvement; all P values <.05, see Table 2 for individual
values). Change in 30-second sit-to-stand was significantly
greater than 0 (P=.005), and change in timed up and go trended
toward being less than 0 (P=.09). At the follow-up assessment,
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only self-reported resistance exercise (GLTEQ-Resistance) significantly decreased from the final assessment (P=.01).

Table 2. Patient-reported and physical outcomes at initial, final, and 6-month follow-up assessments (n=15).

Follow-upFinalInitial

P valuebChange

(SD)a
Mean
(SD)

Values, n
(%)

P valuebChange

(SD)a
Mean
(SD)

Values, n
(%)

Mean
(SD)

Values, n
(%)

.29–1.1 (3.4)40.9 (9.7)13 (87).00111.2 (6.8) d42.1 (8.0)15 (100)30.9 (7.4)15 (100)FACIT-Fatiguec

>.990.8 (6.2)85.4
(16.7)

13 (87).00113.4 (8.7)85.3
(13.3)

15 (100)71.9
(11.6)

15 (100)FACT-Ge

>.990 (2.2)5.3 (4.1)13 (87).002–3.1 (3.6)5.1 (4.3)15 (100)8.4 (5.7)14 (93)HADS-Af

.860.1 (1.6)4.1 (4.1)13 (87).001–2.2 (1.2)3.8 (3.8)15 (100)6.2 (3.6)14 (93)HADS-Dg

.66–13.8
(129.0)

148.1
(114.8)

13 (87).0195.4
(131.8)

178.7
(171.1)

15 (100)89.6
(105.4)

14 (93)GLTEQh-MVPAi

(minutes per week)

.01–51.2
(53.9)

21.9
(39.2)

13 (87).0150.7 (55.8)78.3
(32.1)

15 (100)23.6
(37.3)

14 (93)GLTEQ-Resistance
(minutes per week)

————j.120.07 (0.17)1.23
(0.10)

15 (100)1.16
(0.15)

15 (100)Gait speed (m/s)

————.08–0.4 (0.9)8.8 (1.0)15 (100)9.2 (1.1)15 (100)TUGk (seconds)

————.0051.6 (1.7)13.3 (3.8)15 (100)11.7 (3.7)15 (100)30 s StSl (repeti-
tions)

————.10–1.8 (4.8)26.4 (7.9)15 (100)28.2 (5.2)15 (100)SLS-Dm (seconds)

————.79–0.8 (6.7)28.2 (5.2)15 (100)29.0 (3.7)15 (100)SLS-NDn (seconds)

aChange calculated from the previous assessment.
bChange statistically compared to 0 with the Wilcoxon rank sum test.
cFACIT-Fatigue: Functional Assessment of Chronic Illness Therapy—Fatigue Scale.
dValues in italics format emphasize P<.05, the a priori significance threshold.
eFACT-G: Functional Assessment of Cancer Treatment—General Scale.
fHADS-A: Hospital Anxiety and Depression Anxiety Scale—Anxiety Score.
gHADS-D: Hospital Anxiety and Depression Anxiety Scale—Depression Score.
hGLTEQ: Godin Leisure-Time Exercise Questionnaire.
iMVPA: moderate to vigorous physical activity.
jNot applicable.
kTUG: timed up and go.
l30 s StS: 30-second sit-to-stand.
mSLS-D: single leg stance—dominant (30 seconds maximum).
nSLS-ND: single leg stance—nondominant (30 seconds maximum).

Figure 3 displays the individual FACIT-Fatigue changes from
the initial to final assessments. In total, 13 of 15 (87%)
participants demonstrated an MCID in FACIT-Fatigue change.
Figure 4 displays individual within-program FACIT-Fatigue
scores, plotted on the CRF reference chart, for participants who
did not require any symptom-triggered exercise sessions. Figure

5 displays individual within-program FACIT-Fatigue scores,
plotted on the CRF reference chart, for participants requiring
symptom-triggered exercise sessions, along with sessions
attended. Of note, FACIT-Fatigue scores improved following
symptom-triggered exercise sessions in 5 of 6 events, following
previous declines.
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Figure 3. Waterfall plot displaying individual participant (n=15) changes in FACIT-Fatigue from initial to final assessments. The sample mean and
FACIT-Fatigue MCID are displayed as dotted lines. Note that an increase in the FACIT-Fatigue score indicates improved fatigue. FACIT-Fatigue:
Functional Assessment of Chronic Illness Therapy—Fatigue Scale; MCID: minimal clinically important difference.

Figure 4. Within-program FACIT-Fatigue scores for participants with no required symptom-triggered exercise session (n=9) plotted on the cancer-related
fatigue reference chart. FACIT-Fatigue: Functional Assessment of Chronic Illness Therapy—Fatigue Scale.
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Figure 5. Within-program FACIT-Fatigue scores for participants requiring symptom-triggered exercise sessions (n=6) plotted on the cancer-related
fatigue reference chart. Attended symptom-triggered sessions are indicated with circles. FACIT-Fatigue: Functional Assessment of Chronic Illness
Therapy—Fatigue Scale.

Discussion

Principal Findings
This investigation assessed the feasibility of the novel BfitBwell
Telehealth Program for rural survivors of cancer with CRF.
Initial recruitment barriers were overcome through the adoption
of alternative strategies (targeted internet advertisements).
Outcome completion rates and intervention adherence rates
were high, demonstrating the feasibility of data collection and
intervention acceptability and suitability. Significant and
meaningful improvements in CRF were observed at both the
group and individual levels in the preliminary evaluation of
participant responses. Based on these assessments of the
recommended objectives [18], the BfitBwell Telehealth Program
appears to be highly feasible, supporting the progression to a
large efficacy trial.

Comparisons to Prior Work
One of the main goals of this feasibility study was to adjudicate
avenues for recruitment of eligible rural-living individuals.
Given the barriers in accessing this population, it is not
surprising that little work has been done specifically
investigating the recruitment of rural-living people with cancer
into exercise programs. A recent review of recruitment rates
and strategies in exercise trials for survivors of cancer (not rural
specific) revealed a low overall recruitment rate of 38%, with
only 11% of included trials using web-based advertisements
[41]. Additionally, “passive” strategies (including web-based
advertisement) resulted in lower rates than “active” strategies
(including clinic-based recruitment). Another larger exercise
trial in rural survivors also demonstrated the success of active
strategies such as community and clinical engagement [16].
Our findings contrast with these previous studies, in that only
5% of participants were enrolled as a result of active recruitment
strategies (ie, clinical connections) at a large urban cancer center.

A much more productive approach involved the use of targeted
internet and social media advertisements. These approaches
may indeed be considered more “active” than previous
web-based approaches, as advertisements are routed to
individuals based on their past internet activity. The reach of
these advertisements to rural communities is undoubtedly
broader than what can be achieved through clinic-based
recruitment approaches. In our case, web-based recruitment
might also provide a good match for individuals seeking a web-
or telehealth-based program. More investigation is required into
how to best engage and recruit rural survivors in exercise
programming and associated clinical trials.

A unique aspect of our particular program was the reference
chart–based monitoring of participant response to exercise along
with the standardized addition of symptom-triggered sessions
when participant progress deviated from the expected response.
Lower than expected CRF improvements triggered additional
sessions in 6 (40%) participants, and subsequent CRF scores
appeared to improve following these symptom-triggered sessions
(Figure 5). The purpose of these sessions was to mirror
within-program exercise adaptations that are common in
supervised clinical exercise programs in response to provider
observations. While this facet of personalized exercise
prescription is a relatively emergent feature in contemporary
clinical research, the approach adheres to recommended best
practices published by the National Comprehensive Cancer
Network [42]. The current combination of symptom monitoring
and symptom-triggered intervention is similar to a previous
study of “chemotherapy-periodized” exercise, which
demonstrated improved attendance when exercise prescription
was adapted in anticipation of changing
chemotherapy-associated symptoms during consecutive
chemotherapy cycles [43]. Adaptations in the current program
were made in accordance with the ACSM Frequency, Intensity,
Time, and Type criteria of exercise prescription [39] and were
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based on CES expertise and information gathered during
participant discussions.

Exercise attendance and program completion rates in our study
were high. In total, 15 of 16 (94%) participants completed the
program, and attendance and completion of all exercise sessions
ranged from 84% (49/58 asynchronous sessions completed, on
average) to 97% (29/30 videoconference sessions attended,
across all participants). Additionally, within-program CRF
monitoring was objectively successful, with an overall survey
completion rate of 93% (70/75 surveys completed, across all
participants). In total, 9 participants did not require
symptom-triggered exercise sessions, completing the program
largely autonomously and asynchronously. The lack of
symptom-triggered sessions indicates similar CRF improvement
compared to participants in a supervised exercise program,
despite a reduced number of real-time (or synchronous) exercise
sessions compared to many of these programs [19]. The
asynchronous method of providing exercise programming and
supervision used in this investigation may hold promise for
improving both exercise efficacy and program efficiency in
telehealth exercise programs.

The mechanisms underlying the observed CRF improvements
remain uncertain, given the current investigation is a feasibility
trial. Nonetheless, several strategies are likely to have
contributed to engagement with the exercise prescription,
facilitating exercise-associated CRF improvements in this
cohort. The programmatic design specifically addressed three
known barriers to exercise engagement in rural survivors of
cancer, which are not frequently or consistently addressed in
other programs (beyond reducing travel burden) [12,13]: (1)
the need to travel was completely removed, (2) asynchronous
programming provided flexibility for where and when exercise
was performed, and (3) several methods of communication
provided direct access to a knowledgeable exercise provider.
For the involved CES, an unanticipated benefit of asynchronous
programming was that the time commitment required may be
lower than for a supervised program. While perhaps obvious,
pragmatic and cost-effective strategies for improved exercise
engagement may prove critical to overall program effectiveness,
where personnel costs and reimbursement funds limit more
intensive strategies. To this end, additional investigation of
objective measures of program efficiency using asynchronous
exercise programming is required.

Strengths and Limitations
The primary limitation of this investigation is the lack of a
control group and small sample size. Particularly in evaluating
preliminary participant responses, the observed improvements
during the program or in response to symptom-triggered sessions
cannot be solely attributed to the intervention. However, several
outcomes support the plausibility of the program influencing a
meaningful improvement in CRF. First, the observed
within-program improvements in CRF were similar to those
documented in the supervised exercise program used to develop
the CRF reference chart [23]. Second, significant improvements
in CRF were observed immediately following the program, but
no significant changes were observed in the 6 months following
the program, indicating a lack of change due to time as well as

the potential maintenance of program effects. Statistical analyses
of pilot and feasibility trials, however, should be interpreted
with caution [18]. Finally, on the participant level, the majority
of participants (13/15, 87%) experienced a clinically meaningful
improvement in CRF.

The sample in the current investigation is also likely biased in
several ways. Given that participants responded to
advertisements for an exercise intervention, the current sample
is likely to reflect individuals who are able and willing to
exercise. Additionally, the current sample is not large enough
to adequately assess the contribution of various demographic
and clinical variables on program adherence and response. The
use of web-based recruitment methods and telehealth technology
may discourage the participation of survivors without or not
comfortable with technology. While the incorporation of this
self-selecting sample population may contribute to a current
“digital divide,” parallel efforts are actively reducing
technological barriers through efforts to increase the availability
and acceptance of adequate technology and internet connections.
For example, the Broadband Equity, Access, and Deployment
Program [44] seeks to expand high-speed internet access
throughout the United States, facilitating a societal migration
to technology-based health care interventions (including
exercise). Given that the current investigation was performed
during the COVID-19 pandemic, participants’ perspectives of
and adherence to telehealth exercise may have been positively
influenced in a manner unrepresentative of their more general
context.

The used definition of rurality was developed independently by
the research team, designed to target a population in need of
services in the local region (Colorado and surrounding states).
While this emphasis on local context is appropriate for this
small feasibility study, future studies targeting larger populations
in larger regions should use standardized rurality definitions to
facilitate broader generalizations [10]. The telehealth tools used
to facilitate access to this rural population may also contribute
to a decrease in the fidelity of the prescribed exercise
prescription. Specifically, only self-report completion data were
available for asynchronous exercise sessions, limiting the
knowledge of actual completion and performance. Future work
could integrate additional technology (eg, improved activity
trackers) to objectively assess the performance of these sessions.

Finally, while this investigation supports the feasibility of the
BfitBwell Telehealth Program, it does not represent a
comprehensive assessment of feasibility. While one set of
recommended assessments was followed, multiple alternative
definitions of feasibility and associated measures exist.
Specifically, the assessment of intervention acceptability can
be complex, including both quantitative and qualitative
evaluations [45]. Nonetheless, the presented feasibility
assessments provide strong support for further investigation of
this program and its methods.

Conclusions
The BfitBwell Telehealth Program used several telehealth
modalities combined with regular within-program symptom
monitoring and symptom-triggered intervention to deliver an
exercise program to rural survivors of cancer with CRF. This
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investigation demonstrated high program feasibility, supported
by positive assessments of recruitment, data collection,
intervention acceptability and suitability, and preliminary
evaluation of participant responses. Novel methods used by the
program also provide a potential model for improving exercise

program efficiency by using asynchronous exercise prescription.
Future work should pursue large-scale efficacy testing, objective
assessments of program efficiency, and systematic investigations
of the effects of within-program exercise adaptations.
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Abstract

Background: Although physical activity (PA) is recommended for patients with cancer, changes in PA across cancer diagnosis
and treatment have not been objectively evaluated.

Objective: This study aimed to assess the impact of cancer diagnosis and treatment on PA levels.

Methods: This was a retrospective cohort study using a Japanese claims database provided by DeSC Healthcare Inc, in which
daily step count data, derived from smartphone pedometers, are linked to the claims data. In this study, we included patients
newly diagnosed with cancer, along with those newly diagnosed with diabetes mellitus for reference. We collected data between
April 2014 and September 2021 and analyzed them. The observation period spanned from 6 months before diagnosis to 12 months
after diagnosis. We applied a generalized additive mixed model with a cubic spline to describe changes in step counts before and
after diagnosis.

Results: We analyzed the step count data of 326 patients with malignant solid tumors and 1388 patients with diabetes. Patients
with cancer exhibited a 9.6% (95% CI 7.1%-12.1%; P<.001) reduction in step counts from baseline at the start of the diagnosis
month, which further deepened to 12.4% (95% CI 9.5%-15.2%; P<.001) at 3 months and persisted at 7.1% (95% CI 4.2%-10.0%;
P<.001) at 12 months, all relative to baseline. Conversely, in patients with diabetes, step counts remained relatively stable after
diagnosis, with a slight upward trend, resulting in a change of +0.6% (95% CI –0.6% to 1.9%; P=.31) from baseline at 3 months
after diagnosis. At 12 months after diagnosis, step counts remained decreased in the nonendoscopic subdiaphragmatic surgery
group, with an 18.0% (95% CI 9.1%-26.2%; P<.001) reduction, whereas step counts returned to baseline in the laparoscopic
surgery group (+0.3%, 95% CI –6.3% to 7.5%; P=.93).

Conclusions: The analysis of objective pre- and postdiagnostic step count data provided fundamental information crucial for
understanding changes in PA among patients with cancer. While cancer diagnosis and treatment reduced PA, the decline may
have already started before diagnosis. The study findings may help tailor exercise recommendations based on lifelog data for
patients with cancer in the future.
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Introduction

With the increasing number of cancer survivors, attention has
been paid to not only cancer remission but also quality of life,
which strongly correlates with physical activity (PA) in patients
with cancer [1,2]. PA has been reported to be associated with
a favorable prognosis in cancer survivors, with associations
demonstrated in various cancer types, such as breast and
colorectal cancers [1,3].

Although PA is a pivotal factor in patients with cancer, objective
evidence on how it declines after cancer diagnosis and treatment
is still lacking. Objective evaluation of prediagnostic PA is
challenging. Previous studies that compared PA before and after
cancer diagnosis relied on retrospective recall [4,5], which may
introduce recall bias [6]. Therefore, research using objective
precancer onset data is necessary to avoid this bias. However,
this is challenging in studies that recruit participants after
hospital visits.

Recently, many studies have leveraged real-world data collected
during daily clinical practice and patients’ daily lives [7]. With
advancements in digital devices, access to patients’ daily life
data has improved [8]. Furthermore, the prevalent use of
smartphone apps has facilitated the routine tracking of step
counts, which strongly correlate with PA levels [9,10]. A daily
step count of at least 10,000 steps is recommended for adults
by the World Health Organization, while Japan’s Ministry of
Health, Labour and Welfare sets a more realistic target of 8000
steps per day for adults [11,12]. Integrating step count data
obtained using smartphones with medical information allows
for objective evaluation of changes in PA from the prediagnosis
period. Thus, this study aimed to assess the effect of cancer
diagnosis and treatment on PA levels by analyzing real-world
step count data.

Methods

Data Source
This was a retrospective cohort study analyzing a database
provided by DeSC Healthcare Inc, in which daily step count
data are linked to a Japanese claims database [13,14]. Briefly,
members of affiliated health insurance associations can access
the Kencom smartphone app, developed by DeSC Healthcare
Inc, free of charge. Daily step counts were measured using the
Kencom app, synchronized with smartphone pedometers [13,14].
The Kencom database was integrated and anonymized with the
Japanese claims database in affiliated health insurance
associations under the opt-out agreement. Subsequently, DeSC
Healthcare Inc merged data from various insurance associations,
creating a large, longitudinal database for research use [13,14].
Diseases were classified according to International
Classification of Diseases, 10th edition (ICD-10) codes. This
database, which integrates step count information with medical

information, mainly includes employees of large businesses and
their dependents [13,14]. In this study, step count data were
used to quantify PA levels.

Study Population
This study included patients newly diagnosed with malignant
tumors (ICD-10 code: C). In addition, patients newly diagnosed
with diabetes mellitus (ICD-10 code: E11-E14), a representative
chronic disease in which the importance of PA is widely
recognized [15], were included as a positive control, given the
expectation that step counts would increase after diagnosis [16].
The inclusion of newly diagnosed patients also simplified the
identification of index time [17]. Data between April 2014 and
September 2021 were analyzed. The observation period spanned
from 6 months before diagnosis to 12 months after diagnosis.
The detailed eligibility criteria are described in Table S1 in
Multimedia Appendix 1. Patients who did not receive treatment
were excluded, and the Japanese Claims database has been
validated as having over 98% specificity for identifying patients
using this method [18].

Statistical Analysis
We applied a generalized additive mixed model with a cubic
spline to describe changes in step counts. Individual-specific
random effects, age at diagnosis, seasonal effects, day of the
week (weekday, weekend, or holiday), and sex were included
as covariates. Days with missing step count records were
excluded from the analysis. A negative binomial distribution
was assumed for step counts because of the considerable
variability.

Subgroup analysis was performed on changes in step counts
stratified by treatment method and cancer type. The definitions
of treatment methods and cancer types are described in Tables
S2 and S3 in Multimedia Appendix 1, respectively. Statistical
analyses including data cleaning were conducted using R version
4.3.1 (R Foundation) with packages mgcv (version 1.8-42) and
ggplot2 (version 3.4.2).

Ethical Considerations
The Kyoto University Graduate School and Faculty of Medicine
Ethics Committee approved this study (reference R3514). The
need to obtain written informed consent from patients was
waived because the data were anonymized.

Results

Study Population
A final cohort of 326 patients with malignant solid tumors and
1388 patients with diabetes met the eligibility criteria and were
included in the analysis (Figure S1 in Multimedia Appendix 1).
Table 1 shows patient characteristics and their respective cancer
treatments. The median age of patients with cancer was 51 (IQR
45-56) years, and that of patients with diabetes was 50 (IQR
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44-55) years. The median proportion of missing step count days
during the observation period was 0.5% (IQR 0.0%-2.1%)
among patients with cancer and 0.2% (IQR 0.0%-1.9%) in

patients with diabetes. Further data on specific cancer diagnoses
and the corresponding treatment for patients with cancer are
described in Table S4 in Multimedia Appendix 1.

Table 1. Patient characteristics.

P valuesPatients with diabetes mellitus
(n=1388)

Patients with cancer
(n=326)

Characteristic

.3850 (44-55)51 (45-56)Age (years), median (IQR)

<.0011144 (82.4)194 (59.5)Male sex, n (%)

——a207 (63.5)Surgeries, n (%)

——114 (35)Small interventionsb, n (%)

——67 (20.6)Radiation, n (%)

——67 (20.6)Conventional cytotoxic chemotherapies, n (%)

——16 (4.9)Molecular targeted therapy, n (%)

——3 (0.9)Immunotherapies, n (%)

.016210.6 (4339.4-8015.8)5754.9 (4219.2-7283.5)Daily step counts for the reference monthc, median (IQR)

Year of diagnosis, n (%)

—49 (3.5)6 (1.8)2015

—137 (9.9)24 (7.4)2016

.44204 (14.7)52 (16)2017

—324 (23.3)81 (24.8)2018

—414 (29.8)102 (31.3)2019

—260 (18.7)61 (18.7)2020

aNot applicable
bThe following procedures were classified as small interventions: cervical conization, diagnostic laparoscopy and thoracoscopy, endometrial curettage,
excision of skin tumors, orchiectomy, transurethral resection of bladder tumors, and upper and lower gastrointestinal endoscopic surgeries (mucosal
resection, polypectomy, and submucosal dissection).
cReference month is month −1 for patients with cancer and month 0 for patients with diabetes mellitus (Figure 1).

Figure 1. Estimated daily step count changes before and after diagnosis. Daily step count changes in (left) patients diagnosed with cancer and (right)
patients diagnosed with diabetes mellitus are described. Shading indicates the SE. Month 0 signifies the month of diagnosis. For patients with cancer,
the baseline for step count change was defined as the first day of month −1, accounting for the time needed for pathology after biopsy or diagnostic
surgery to confirm diagnosis.

Changes in Step Counts
The results of the descriptive analysis of step count data are
presented in Figure S2 in Multimedia Appendix 1. Step counts
showed no significant difference between patients with cancer
and those with diabetes 2 months before diagnosis (P=.17) but
declined significantly in the former during the diagnosis month

(P<.001). In subsequent analyses, the baseline for step counts
in patients with cancer was therefore set at the beginning of the
month before diagnosis. Figure 1 shows the percent change in
step counts over time in relation to the time of diagnosis.
Patients with cancer showed a 9.6% (95% CI 7.1%-12.1%;
P<.001) reduction in step counts from baseline in the month of
diagnosis, which deepened to 12.4% (95% CI 9.5%-15.2%;
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P<.001) at 3 months and persisted at 7.1% (95% CI
4.2%-10.0%; P<.001) at 12 months, all relative to baseline.
Conversely, in patients with diabetes, step counts remained
relatively stable after diagnosis, with a slight upward trend,
resulting in a change of +0.6% (95% CI –0.6% to 1.9%; P=.31)
from baseline at 3 months after diagnosis. The change from
baseline at 12 months after diagnosis was not significant (+0.3%,
95% CI –1% to 1.6%; P=.68).

Changes in Step Counts According to Treatment
Modalities
Figure 2 shows the results of the subgroup analysis stratified
by treatment modalities. Patients who received systemic
chemotherapy without surgery were classified as the other
treatment group because of the limited number of patients. There
were no significant changes in the distribution of patient

numbers by treatment group across the years (P=.69; Table S5
in Multimedia Appendix 1). At 3 months after diagnosis, the
reduction in step counts from baseline was 14.3% (95% CI
8.0%-20.1%; P<.001) in the laparoscopic surgery group and
34.2% (95% CI 26.6%-41.1%; P<.001) in the nonendoscopic
subdiaphragmatic surgery group. At 12 months after diagnosis,
step counts remained decreased in the nonendoscopic
subdiaphragmatic surgery group, with an 18.0% (95% CI
9.1%-26.2%; P<.001) reduction, whereas step counts returned
to baseline in the laparoscopic surgery group (+0.3%, 95% CI
–6.3% to 7.5%; P=.93). At 12 months after diagnosis, the
nonendoscopic supradiaphragmatic surgery group showed a
10.9% (95% CI 5.7%-15.7%; P<.001) step count reduction,
whereas this reduction was not seen in the thoracoscopic surgery
group, and the step count change was not significant (+15.2%,
95% CI –0.4% to 33.1%; P=.06).
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Figure 2. Estimated daily step count changes before and after diagnosis by treatment methods: Other treatments include conventional cytotoxic
chemotherapy, immunotherapy, molecular targeted therapy, small interventions with chemotherapy or immunotherapy, and chemoradiotherapy. Shading
indicates the SE. NAC: neoadjuvant chemotherapy.

Changes in Step Counts According to Cancer Type
Figure S3 and Table S6 in Multimedia Appendix 1 show the
results of the subgroup analysis stratified by cancer type. A
significant postoperative reduction in step counts was observed
in patients with gynecologic cancers, and the majority of them
underwent nonendoscopic surgeries (endometrial cancer: 4/5,
80%; cervical cancer: 3/6, 50%; and ovarian cancer: 3/4, 75%).
Conversely, in gastrointestinal and urologic cancers, where
abdominal surgeries were also performed, the proportion of
patients who underwent small interventions or laparoscopic
surgeries was high, and the postoperative reduction in step
counts was not as pronounced.

Discussion

Principal Findings
The analysis of objective pre- and postdiagnostic lifelog data
showed that step counts in patients with cancer decreased with
cancer diagnosis and treatment, with step counts already below
baseline at the beginning of the diagnosis month and failing to
return to baseline 12 months later. Conversely, the change from
baseline in those newly diagnosed with diabetes was not
significant. The decline in step count varies with treatment and
cancer type.
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Comparison With Previous Work
To the best of our knowledge, this is the first study to objectively
describe the decline in PA levels from precancer diagnosis using
lifelog data on step counts. Previous studies that relied on
retrospective recall have reported a decline in PA by 59% after
treatment of breast cancer [4]. In colorectal cancer, the reduced
PA during treatment improved after treatment completion [5].
Our analysis using objective real-world data provides a closer
representation of real-life events. In patients with diabetes, while
the increase in step counts was not significant, an upward trend
was observed after diagnosis, consistent with previous reports
[16].

This study showed possible variations in PA measured as step
count based on the specific treatment modality used. Treatments
for specific cancer types are typically standardized. However,
by analyzing patients with varying cancer types, this study
explored the impacts of different treatments on step counts.
Interestingly, a prominent decrease in step counts was observed
in patients who underwent nonendoscopic surgery, suggesting
that opting for less invasive surgical approaches may help
mitigate the decrease in step counts. However, this result should
be carefully interpreted because patients requiring open surgery
may have had more advanced stages with worse prognoses or
require more intensive treatment. Further examination is needed
to assess the long-term impact of surgical approaches on PA.

Measuring PA has become increasingly accessible through the
use of smartphones and other wearable devices [8]. Previous
studies have been conducted to categorize PA in patients with
cancer using these devices. However, no established threshold
has been identified [19]. This study adds new insights by
focusing on changes in PA, which are recorded as step counts.
Step counts serve as a valid and useful surrogate marker of PA,
and a decrease in step counts is strongly associated with an
increase in all-cause mortality [20,21]. Therefore, conducting
close follow-ups on posttreatment PA levels using step counts
has the potential to contribute to patient-centered care and
personalized recommendations for PA, which remain insufficient
[2]. Further studies are needed to address tailoring
recommendations for PA during cancer treatment according to
cancer type, treatment approach, and comorbidities.

Limitations
This study has some limitations. First, influences beyond cancer
diagnosis and treatment, such as aging, societal changes, and
changes in smartphone pedometer specifications due to device
upgrades or replacements by users, may be involved. However,
minimal changes in step counts in the diabetes group indicated
a limited impact of these factors. Second, the proportion of
patients managed with small interventions was high, indicating
that a considerable number of patients were detected at an early
stage. This might be because this study included relatively young
patients with a median age of 51 (IQR 45-56) years, primarily
employees of large businesses and their dependents, who were
exclusively Kencom app users, indicative of a potential high
health awareness demographic. Therefore, this population may
not represent the general Japanese population. However, the
decline in step count levels would be more pronounced in
patients with a higher prevalence of advanced-stage cancer,
who are likely to undergo more invasive treatments [22]. Third,
the cancer stage was not determined in this study. However,
because treatments are generally determined by cancer stage,
results stratified by treatment may have higher generalizability
to populations with different cancer stages. Fourth, the follow-up
period in this study was 1 year, which did not allow for the
analysis of step count data in relation to patient prognosis. PA
may improve prognosis in cancer survivors [1,3]. Therefore,
further studies are needed to assess its effect on patient
prognosis. Finally, step count data may not fully reflect actual
PA levels, as its accuracy can be affected by factors, including
the possibility that individuals are not always carrying their
smartphones.

Conclusions
This study used objective pre- and postdiagnostic step count
data and showed that while PA decreased with cancer diagnosis
and treatment, the decline may have already started before
diagnosis. The decline varies with treatment and cancer type,
with a notable decrease in patients who underwent
nonlaparoscopic abdominal surgeries. Assessing PA using step
count data has the potential to contribute to patient-centered
care. This finding may help tailor exercise recommendations
based on lifelog data for patients with cancer.

 

Acknowledgments
This study was conducted as part of a research project selected through an open call by DeSC Healthcare Inc. We would like to
thank Enago for the English language review. This research did not receive any funding. The first draft was prepared in Japanese
without the use of generative artificial intelligence and was translated into English with the assistance of ChatGPT-4o by OpenAI
[23]. In addition, our paper underwent professional scientific editing (Enago) for language refinement.

Data Availability
The datasets analyzed during this study are not publicly available due to the contract with the data provider.

Authors' Contributions
YI, K Yamaguchi, and JH developed the study concept. YI, K Yamaguchi, KM, MM, and KK developed the study design. YI
conducted the data extraction and curation. YI, KM, and ST-M conducted the analysis. YI, K Yamaguchi, AK, NH, MT, K
Yamanoi, RM, and JH interpreted the study results. MM and KK supervised the study. YI, K Yamaguchi, KM, and ST-M wrote

JMIR Cancer 2025 | vol. 11 | e58093 | p.665https://cancer.jmir.org/2025/1/e58093
(page number not for citation purposes)

Inayama et alJMIR CANCER

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


the draft of the manuscript. AK, NH, MT, K Yamanoi, RM, JH, SY, MM, and KK contributed to the critical revision of the
manuscript. All authors read and approved the final manuscript.

Conflicts of Interest
K Yamaguchi and MM have received a donation from DUMSCO Inc. KK received research funds from AstraZeneca KK, Eisai
Co, Ltd, Kyowa Kirin Co, Ltd, OMRON Corporation, and Toppan Inc; consulting fees from Advanced Medical Care Inc, JMDC
Inc, Santen Pharmaceutical Co, Ltd, Shin Nippon Biomedical Laboratories Ltd, and Ubicom Holdings Inc; executive compensation
from Cancer Intelligence Care Systems, Inc; and honoraria from Chugai Pharmaceutical Co, Ltd, Taisho Pharmaceutical Co, Ltd,
and Pharma Business Academy.

Multimedia Appendix 1
Eligibility criteria, definition of subgroups by treatment method, definition of subgroups by cancer type, patient characteristics
by cancer type, the annual number of patients in each treatment group, summary of step count changes by cancer type, selection
of study samples, distribution of mean daily step counts in each month, and estimated daily step count changes before and after
diagnosis by cancer type.
[PDF File (Adobe PDF File), 857 KB - cancer_v11i1e58093_app1.pdf ]

References
1. Rock CL, Thomson CA, Sullivan KR, Howe CL, Kushi LH, Caan BJ, et al. American Cancer Society nutrition and physical

activity guideline for cancer survivors. CA Cancer J Clin 2022;72(3):230-262 [FREE Full text] [doi: 10.3322/caac.21719]
[Medline: 35294043]

2. Campbell KL, Winters-Stone KM, Wiskemann J, May AM, Schwartz AL, Courneya KS, et al. Exercise guidelines for
cancer survivors: consensus statement from international multidisciplinary roundtable. Med Sci Sports Exerc
2019;51(11):2375-2390 [FREE Full text] [doi: 10.1249/MSS.0000000000002116] [Medline: 31626055]

3. Patel AV, Friedenreich CM, Moore SC, Hayes SC, Silver JK, Campbell KL, et al. American College of Sports Medicine
roundtable report on physical activity, sedentary behavior, and cancer prevention and control. Med Sci Sports Exerc
2019;51(11):2391-2402 [FREE Full text] [doi: 10.1249/MSS.0000000000002117] [Medline: 31626056]

4. Hair BY, Hayes S, Tse CK, Bell MB, Olshan AF. Racial differences in physical activity among breast cancer survivors:
implications for breast cancer care. Cancer 2014;120(14):2174-2182 [FREE Full text] [doi: 10.1002/cncr.28630] [Medline:
24911404]

5. Chung JY, Lee DH, Park J, Lee MK, Kang D, Min J, et al. Patterns of physical activity participation across the cancer
trajectory in colorectal cancer survivors. Support Care Cancer 2013;21(6):1605-1612. [doi: 10.1007/s00520-012-1703-5]
[Medline: 23292698]

6. Blome C, Augustin M. Measuring change in quality of life: bias in prospective and retrospective evaluation. Value Health
2015;18(1):110-115 [FREE Full text] [doi: 10.1016/j.jval.2014.10.007] [Medline: 25595241]

7. Baumfeld Andre E, Reynolds R, Caubel P, Azoulay L, Dreyer NA. Trial designs using real-world data: the changing
landscape of the regulatory approval process. Pharmacoepidemiol Drug Saf 2020;29(10):1201-1212 [FREE Full text] [doi:
10.1002/pds.4932] [Medline: 31823482]

8. Ferguson T, Olds T, Curtis R, Blake H, Crozier AJ, Dankiw K, et al. Effectiveness of wearable activity trackers to increase
physical activity and improve health: a systematic review of systematic reviews and meta-analyses. Lancet Digit Health
2022;4(8):e615-e626 [FREE Full text] [doi: 10.1016/S2589-7500(22)00111-X] [Medline: 35868813]

9. Amagasa S, Kamada M, Sasai H, Fukushima N, Kikuchi H, Lee IM, et al. How well iPhones measure steps in free-living
conditions: cross-sectional validation study. JMIR Mhealth Uhealth 2019;7(1):e10418 [FREE Full text] [doi: 10.2196/10418]
[Medline: 30626569]

10. Höchsmann C, Knaier R, Eymann J, Hintermann J, Infanger D, Schmidt-Trucksäss A. Validity of activity trackers,
smartphones, and phone applications to measure steps in various walking conditions. Scand J Med Sci Sports
2018;28(7):1818-1827. [doi: 10.1111/sms.13074] [Medline: 29460319]

11. WHO. Pacific Physical Activity Guidelines for Adults : Framework for Accelerating the Communication of Physical
Activity Guidelines. Manila, the Philippines: WHO Regional Office for the Western Pacific; 2008.

12. Explanatory materials for promoting health Japan 21. Ministry of Health Labour and Welfare. URL: https://www.mhlw.go.jp/
www1/english/wp_5/vol1/p2c6s4.html [accessed 2024-12-12]

13. Hamaya R, Mori M, Miyake K, Lee IM. Association of smartphone-recorded steps over years and change in cardiovascular
risk factors among working-age adults. J Am Heart Assoc 2022;11(14):e025689 [FREE Full text] [doi:
10.1161/JAHA.121.025689] [Medline: 35861838]

14. Hamaya R, Fukuda H, Takebayashi M, Mori M, Matsushima R, Nakano K, et al. Effects of an mHealth app (Kencom) with
integrated functions for healthy lifestyles on physical activity levels and cardiovascular risk biomarkers: observational
study of 12,602 users. J Med Internet Res 2021;23(4):e21622 [FREE Full text] [doi: 10.2196/21622] [Medline: 33900203]

JMIR Cancer 2025 | vol. 11 | e58093 | p.666https://cancer.jmir.org/2025/1/e58093
(page number not for citation purposes)

Inayama et alJMIR CANCER

XSL•FO
RenderX

https://jmir.org/api/download?alt_name=cancer_v11i1e58093_app1.pdf&filename=f7eb14caf31f1065189820e2df859618.pdf
https://jmir.org/api/download?alt_name=cancer_v11i1e58093_app1.pdf&filename=f7eb14caf31f1065189820e2df859618.pdf
https://onlinelibrary.wiley.com/doi/10.3322/caac.21719
http://dx.doi.org/10.3322/caac.21719
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35294043&dopt=Abstract
https://europepmc.org/abstract/MED/31626055
http://dx.doi.org/10.1249/MSS.0000000000002116
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31626055&dopt=Abstract
https://europepmc.org/abstract/MED/31626056
http://dx.doi.org/10.1249/MSS.0000000000002117
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31626056&dopt=Abstract
https://europepmc.org/abstract/MED/24911404
http://dx.doi.org/10.1002/cncr.28630
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24911404&dopt=Abstract
http://dx.doi.org/10.1007/s00520-012-1703-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23292698&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1098-3015(14)04732-9
http://dx.doi.org/10.1016/j.jval.2014.10.007
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25595241&dopt=Abstract
https://europepmc.org/abstract/MED/31823482
http://dx.doi.org/10.1002/pds.4932
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31823482&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2589-7500(22)00111-X
http://dx.doi.org/10.1016/S2589-7500(22)00111-X
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35868813&dopt=Abstract
https://mhealth.jmir.org/2019/1/e10418/
http://dx.doi.org/10.2196/10418
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30626569&dopt=Abstract
http://dx.doi.org/10.1111/sms.13074
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29460319&dopt=Abstract
https://www.mhlw.go.jp/www1/english/wp_5/vol1/p2c6s4.html
https://www.mhlw.go.jp/www1/english/wp_5/vol1/p2c6s4.html
https://www.ahajournals.org/doi/abs/10.1161/JAHA.121.025689?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.1161/JAHA.121.025689
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35861838&dopt=Abstract
https://www.jmir.org/2021/4/e21622/
http://dx.doi.org/10.2196/21622
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33900203&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


15. Kanaley JA, Colberg SR, Corcoran MH, Malin SK, Rodriguez NR, Crespo CJ, et al. Exercise/physical activity in individuals
with type 2 diabetes: a consensus statement from the American College of Sports Medicine. Med Sci Sports Exerc
2022;54(2):353-368 [FREE Full text] [doi: 10.1249/MSS.0000000000002800] [Medline: 35029593]

16. Schneider KL, Andrews C, Hovey KM, Seguin RA, Manini T, Lamonte MJ, et al. Change in physical activity after a
diabetes diagnosis: opportunity for intervention. Med Sci Sports Exerc 2014;46(1):84-91 [FREE Full text] [doi:
10.1249/MSS.0b013e3182a33010] [Medline: 23860414]

17. Ray WA. Evaluating medication effects outside of clinical trials: new-user designs. Am J Epidemiol 2003;158(9):915-920.
[doi: 10.1093/aje/kwg231] [Medline: 14585769]

18. de Luise C, Sugiyama N, Morishima T, Higuchi T, Katayama K, Nakamura S, et al. Validity of claims-based algorithms
for selected cancers in Japan: results from the VALIDATE-J study. Pharmacoepidemiol Drug Saf 2021;30(9):1153-1161
[FREE Full text] [doi: 10.1002/pds.5263] [Medline: 33960542]

19. Aix SP, Núñez-Benjumea FJ, Cervera-Torres S, Flores A, Arnáiz, Fernández-Luque L. Data-driven personalized care in
lung cancer: scoping review and clinical recommendations on performance status and activity level of patients with lung
cancer using wearable devices. JCO Clin Cancer Inform 2023;7:e2300016 [FREE Full text] [doi: 10.1200/CCI.23.00016]
[Medline: 37922433]

20. Bassett DR, Toth LP, LaMunion SR, Crouter SE. Step counting: a review of measurement considerations and health-related
applications. Sports Med 2017;47(7):1303-1315 [FREE Full text] [doi: 10.1007/s40279-016-0663-1] [Medline: 28005190]

21. Jayedi A, Gohari A, Shab-Bidar S. Daily step count and all-cause mortality: a dose-response meta-analysis of prospective
cohort studies. Sports Med 2022;52(1):89-99. [doi: 10.1007/s40279-021-01536-4] [Medline: 34417979]

22. Kwan ML, Sternfeld B, Ergas IJ, Timperi AW, Roh JM, Hong CC, et al. Change in physical activity during active treatment
in a prospective study of breast cancer survivors. Breast Cancer Res Treat 2012;131(2):679-690 [FREE Full text] [doi:
10.1007/s10549-011-1788-4] [Medline: 21953007]

23. OpenAI. ChatGPT. URL: https://chatgpt.com/ [accessed 2024-11-18]

Abbreviations
ICD-10: International Classification of Diseases, 10th edition
PA: physical activity

Edited by N Cahill; submitted 05.03.24; peer-reviewed by Y Chu, L Horrell; comments to author 04.10.24; revised version received
24.10.24; accepted 16.12.24; published 20.01.25.

Please cite as:
Inayama Y, Yamaguchi K, Mizuno K, Tanaka-Mizuno S, Koike A, Higashiyama N, Taki M, Yamanoi K, Murakami R, Hamanishi J,
Yoshida S, Mandai M, Kawakami K
Changes in Physical Activity Across Cancer Diagnosis and Treatment Based on Smartphone Step Count Data Linked to a Japanese
Claims Database: Retrospective Cohort Study
JMIR Cancer 2025;11:e58093
URL: https://cancer.jmir.org/2025/1/e58093 
doi:10.2196/58093
PMID:39726139

©Yoshihide Inayama, Ken Yamaguchi, Kayoko Mizuno, Sachiko Tanaka-Mizuno, Ayami Koike, Nozomi Higashiyama, Mana
Taki, Koji Yamanoi, Ryusuke Murakami, Junzo Hamanishi, Satomi Yoshida, Masaki Mandai, Koji Kawakami. Originally
published in JMIR Cancer (https://cancer.jmir.org), 20.01.2025. This is an open-access article distributed under the terms of the
Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution,
and reproduction in any medium, provided the original work, first published in JMIR Cancer, is properly cited. The complete
bibliographic information, a link to the original publication on https://cancer.jmir.org/, as well as this copyright and license
information must be included.

JMIR Cancer 2025 | vol. 11 | e58093 | p.667https://cancer.jmir.org/2025/1/e58093
(page number not for citation purposes)

Inayama et alJMIR CANCER

XSL•FO
RenderX

https://europepmc.org/abstract/MED/35029593
http://dx.doi.org/10.1249/MSS.0000000000002800
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35029593&dopt=Abstract
https://europepmc.org/abstract/MED/23860414
http://dx.doi.org/10.1249/MSS.0b013e3182a33010
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23860414&dopt=Abstract
http://dx.doi.org/10.1093/aje/kwg231
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=14585769&dopt=Abstract
https://europepmc.org/abstract/MED/33960542
http://dx.doi.org/10.1002/pds.5263
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33960542&dopt=Abstract
https://europepmc.org/abstract/MED/37922433
http://dx.doi.org/10.1200/CCI.23.00016
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37922433&dopt=Abstract
https://europepmc.org/abstract/MED/28005190
http://dx.doi.org/10.1007/s40279-016-0663-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28005190&dopt=Abstract
http://dx.doi.org/10.1007/s40279-021-01536-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34417979&dopt=Abstract
https://europepmc.org/abstract/MED/21953007
http://dx.doi.org/10.1007/s10549-011-1788-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21953007&dopt=Abstract
https://chatgpt.com/
https://cancer.jmir.org/2025/1/e58093
http://dx.doi.org/10.2196/58093
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39726139&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


Original Paper

An App-Based Intervention With Behavioral Support to Promote
Brisk Walking in People Diagnosed With Breast, Prostate, or
Colorectal Cancer (APPROACH): Process Evaluation Study

Fiona Kennedy1*, BSc, MSc, PhD; Susan Smith2*, BA, MSc; Rebecca J Beeken1, BA, MSc, PhD; Caroline Buck2,

BA, MSc; Sarah Williams2, BSc, MSc; Charlene Martin3, BA, MA, PhD; Phillippa Lally4, BSc, MSc, PhD; Abi

Fisher2, BSc, PhD
1Leeds Institute of Health Sciences, University of Leeds, Leeds, United Kingdom
2Department of Behavioural Science and Health, University College London, London, United Kingdom
3Division of Clinical Medicine, School of Medicine and Population Health, University of Sheffield, Sheffield, United Kingdom
4School of Psychology, University of Surrey, Guildford, United Kingdom
*these authors contributed equally

Corresponding Author:
Abi Fisher, BSc, PhD
Department of Behavioural Science and Health
University College London
1-19 Torrington Place
London, WC1E7HB
United Kingdom
Phone: 44 2076791722
Email: abigail.fisher@ucl.ac.uk

Abstract

Background: The APPROACH pilot study explored the feasibility and acceptability of an app (NHS Active 10) with brief,
habit-based, behavioral support calls and print materials intended to increase brisk walking in people diagnosed with cancer.

Objective: Following UK Medical Research Council guidelines, this study assessed the implementation of the intervention,
examined the mechanisms of impact, and identified contextual factors influencing engagement.

Methods: Adults (aged ≥18 y) with breast, prostate, or colorectal cancer who reported not meeting the UK guidelines for
moderate-to-vigorous physical activity (≥150 min/wk) were recruited from a single hospital site in Yorkshire, United Kingdom.
They were randomly assigned to the intervention or control (usual care) arm and assessed via quantitative surveys at baseline
(time point 0 [T0]) and 3-month follow-up (time point 1 [T1]) and qualitative exit interviews (36/44, 82%) at T1. The process
evaluation included intervention participants only (n=44). Implementation was assessed using data from the T1 questionnaire
exploring the use of the intervention components. The perceived usefulness of the app, leaflet, and behavioral support call was
rated from 0 to 5. Behavioral support calls were recorded, and the fidelity of delivery of 25 planned behavior change techniques
was rated from 0 to 5 using an adapted Dreyfus scale. Mechanisms of impact were identified by examining T0 and T1 scores on
the Self-Reported Behavioural Automaticity Index and feedback on the leaflet, app, call, and planner in the T1 questionnaire and
qualitative interviews. Contextual factors influencing engagement were identified through qualitative interviews.

Results: The implementation of the intervention was successful: 98% (43/44) of the participants received a behavioral support
call, 78% (32/41) reported reading the leaflet, 95% (39/41) reported downloading the app, and 83% (34/41) reported using the
planners. The mean perceived usefulness of the app was 4.3 (SD 0.8) in participants still using the app at T1 (n=33). Participants
rated the leaflet (mean 3.9, SD 0.6) and the behavioral support call (mean 4.1, SD 1) as useful. The intended behavior change
techniques in the behavioral support calls were proficiently delivered (overall mean 4.2, SD 1.2). Mechanisms of impact included
habit formation, behavioral monitoring, and support and reassurance from the intervention facilitator. Contextual factors impacting
engagement included barriers, such as the impact of cancer and its treatment, and facilitators, such as social support.

Conclusions: The APPROACH intervention was successfully implemented and shows promise for increasing brisk walking,
potentially through promoting habit formation and enabling self-monitoring. Contextual factors will be important to consider
when interpreting outcomes in the larger APPROACH randomized controlled trial.
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Introduction

Background
The number of people being diagnosed with cancer is continuing
to increase in the United Kingdom, with an estimated 4 million
adults living with and beyond cancer (LWBC) by 2030 [1].
Many people LWBC experience challenges related to cancer
and its treatment, including increased fatigue, pain,
psychological distress, and reduced physical capacity [2-5].
These challenges can significantly impact their quality of life
and well-being [6]. Therefore, the importance of improving
outcomes for those LWBC is vital [7]. A large body of trial data
demonstrates that physical activity (PA) improves many
outcomes after a cancer diagnosis, including reduced fatigue,
pain, anxiety, depression, and sleep problems and an overall
improvement in quality of life [8-11]. Observational data suggest
that PA is also associated with improvements in survival
[12-14]. In light of this ever-growing evidence base, the World
Cancer Research Fund recommends that people LWBC follow
the guidelines for healthy populations in achieving at least 150
minutes of moderate-to-vigorous PA (MVPA) per week and
recommend limiting the amount of time spent sedentary [15].
Despite this, many people LWBC are physically inactive, with
Macmillan Cancer Support (United Kingdom) estimating this
to be as high as 80% of those LWBC not meeting recommended
PA levels [16]. This is supported by the systematic review of
41 studies conducted by Wong et al [17] that indicated that only
around a third of people LWBC were meeting PA guidelines,
although this ranged from 16% to 88% across studies. Brisk
walking is a form of MVPA that may be more appropriate for
people LWBC due to its accessibility and achievability. In a
systematic scoping review of 98 studies in people LWBC,
walking was cited as the preferred type of PA across all cancer
types and treatment stages [18].

The APPROACH Intervention
APPROACH is an app-based, multicomponent intervention
informed by extensive development work with individuals with
breast, prostate, or colorectal cancer and cancer nurse specialists
[19,20]. It focuses on promoting and monitoring brisk walking
using a publicly available mobile phone app, alongside brief
behavioral support in the form of a specially designed leaflet,
walking planner cards, and 2 phone or video calls with a trained
researcher (CB) [21]. In line with the Medical Research Council
framework for intervention development and evaluation, the
pilot trial explored the feasibility and acceptability of conducting
a complex PA intervention trial with people LWBC. A total of
90 people diagnosed with breast, prostate, or colorectal cancer
were recruited for the pilot randomized controlled trial (RCT),
with 49% (n=44) randomly assigned to the intervention group
and 51% (n=46) to the control group. APPROACH pilot results
demonstrated a high retention rate (97%) and high assessment

completion rates (>86%), indicating that the trial procedures
were feasible and acceptable to be carried out as intended in a
confirmatory, phase-3, larger trial [22]. In addition, results
showed that the intervention was delivered successfully with
98% receiving at least 1 behavioral support call and 95% of
participants downloading the app [22].

Conducting a Process Evaluation
The importance of conducting process evaluations within RCTs
has been emphasized to explore the way in which any complex
intervention is implemented [23,24]. This can help uncover why
interventions are successful or unsuccessful, determine why
they may have unexpected consequences, as well as explore
how an intervention that is effective can be optimized [23].
Moore et al [25] provided specific guidance for carrying out
process evaluations, which highlighted the importance of
exploring the implementation (eg, the fidelity of intervention
calls), the mechanisms of impact (eg, views on the different
components of the intervention), and the contextual factors
influencing use and outcomes (eg, barriers or facilitators to
engagement) [25].

Therefore, this paper extends the published APPROACH
feasibility results [22] with the following aims: (1) to evaluate
the implementation of the APPROACH intervention and the
fidelity of the delivery of intended behavior change techniques
(BCTs), (2) to identify the potential mechanisms of impact that
underlie behavior changes attributed to the APPROACH
intervention, and (3) to better understand how contextual factors
influence engagement with the APPROACH intervention.

Methods

Design
This was an embedded design, mixed methods study where
qualitative and quantitative data were collected simultaneously
with equal priority [26]. Data were collected as part of the
APPROACH pilot RCT [21,22]. The pilot RCT compared an
app-based, brisk walking intervention delivered alongside usual
care with a control arm (usual care alone) in people diagnosed
with breast, prostate, or colorectal cancer at a single hospital
site. The trial was registered on the International Standard
Randomized Controlled Trial Number registry on April 16,
2021 (ISRCTN 18063498). The primary outcome for the pilot
and future RCT is weekly minutes spent brisk walking (a
cadence of 100 steps per min or more [27) measured by an
activPAL accelerometer (PAL Technologies Ltd). Following
baseline assessments, participants were individually randomly
assigned (1:1 allocation) using minimization to either the control
or intervention arm, stratified by cancer type (breast, prostate,
or colorectal) and disease status (metastatic vs not).
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Participants
The pilot RCT included 90 participants: 49% (n=44) in the
intervention arm and 51% (n=46) in the control arm. All
participants had a confirmed diagnosis of breast, prostate, or
colorectal cancer (localized or metastatic). At the point of
screening, localized participants had to be within 6 months of
completion of radical treatment. This criterion was not applied
to participants with metastatic disease. All participants required
a clinician’s sign-off that their life expectancy was >6 months.
All participants self-reported achieving <150 minutes of MVPA
weekly. Full inclusion and exclusion criteria have been
published previously [21].

Procedure and Description of Intervention
The recruitment procedure and trial data collection have
previously been described [21,22]. Participants completed
assessments at baseline (time point 0 [T0]) and 3 months (time
point 1 [T1]; operationalized as 12-16 wk after randomization).
The intervention included an endorsement letter from a member
of the participant’s clinical team, alongside the provision of a
leaflet with information about the importance of PA after cancer
and a recommendation and instructions on how to download
the freely available NHS Active 10 app. The NHS Active 10
app promotes brisk walking in bouts of 10 minutes, called
“Active 10s.” This was augmented with 2 behavioral support
phone or video calls with the intervention facilitator (CB). The
app was chosen after previous qualitative work with people
LWBC, and clinicians identified key features that were
important to be offered within the app and highlighted the
importance of the app being supported by a professional
organization, such as the NHS [19,20]. These behavioral support
calls were underpinned by habit theory [28] and BCTs shown
to be effective in promoting PA [29-31] and involved supporting
participants in downloading and using the app and discussions
around setting PA goals. The intervention facilitator was trained
in the principles of behavior change theories and in the
application of BCTs [32], with a thorough understanding of
habit theory [33]. This training, alongside previous experience
in delivering health behavior change interventions, allowed
them to conduct conversations with patients closely mirroring
those a health care professional might have with a patient in a
routine care situation. The intervention calls took place via
Zoom (Zoom Video Communications) [34] or telephone and
were recorded by the intervention facilitator with the
participants’permission. The first call took place approximately
1 week after randomization, and the second call took place
approximately 4 weeks after the first call to check in with the
participant about their goals and recap any information required.
Participants were asked during the first intervention call if they
had downloaded the NHS Active 10 app, and the intervention
facilitator noted this in their records. Participants were also
given 12 copies of a walking planner card that was designed to
enable them to plan how many “Active 10s” they were aiming
for and how they were going to achieve these, including where
and when they would complete them.

Implementation of the APPROACH Intervention

Delivery of the Intervention
The implementation of the intervention was explored by looking
at whether each component was delivered as intended and the
participants’ use of each intervention component. Between 12
and 16 weeks after randomization participants completed the
T1 questionnaire. Participants were asked about the intervention,
including the following: whether they downloaded the app (yes
or no), their self-reported app use if still using the app (less than
monthly, monthly, fortnightly, weekly, 3-4 times a week, almost
every day, or every day), how long they used the app for if they
had stopped using it (never, once, less than monthly, fortnightly,
weekly, 3-4 times per week, almost every day, or every day),
perceived accuracy of the app in recording their time spent
walking (5-point scale from not accurate to very accurate),
whether they read the leaflet (all, some, or did not read), used
the walking planner cards (yes or no), and received either
behavioral support call (yes or no).

The Usefulness of Intervention Components
Participants rated the usefulness of the call for going through
the leaflet information, downloading the app, and thinking about
ways to use the app to increase their brisk walking (5-point
scale from not at all useful to extremely useful). Using the same
scale, they rated the usefulness of the app and sections of the
leaflet for supporting their walking.

Delivery Fidelity of Behavioral Support Calls
The recorded intervention calls were coded by 1 researcher
(SW) to assess delivery fidelity. All calls were listened to and
coded according to a 25-item checklist of BCTs [31] as
presented in the study’s protocol paper [21]. Each item
represented a BCT paired with the intended delivery technique
(Multimedia Appendix 1). If a participant received 2 calls, these
were combined when coding delivery of the BCT. A 5-point
rating scale was applied to the fidelity checklist using an
adaptation of the Dreyfus scale [35,36] ranging from low fidelity
(0), indicating that the facilitator did not mention the intended
BCT at all, to expert (5), indicating that the facilitator delivered
the BCT to an exceptional standard (Multimedia Appendix 2).
A value of ≥3 represented competent delivery of an individual
BCT, thus presenting successful delivery. A second researcher
(SS) coded a subset of interviews (n=5). It was agreed that if
there was a discrepancy of over 20% in the coding, then the
transcript would be discussed among the researchers. This
occurred for 1 transcript that was double coded. This iterative
process enabled SW to incorporate any learnings from the
discussion into the coding of all transcripts and allowed a more
consistent coding of the data.

Mechanisms of Impact and Contextual Factors
Influencing Engagement

T0 and T1 Questionnaires
Habit strength for walking (“going for a walk” and “walking
briskly”) was assessed using the Self-Report Behavioural
Automaticity Index (SRBAI) [37] in the T0 and T1
questionnaires. Participants responded on a 7-point scale ranging
from disagree to agree for 4 statements on their perceived
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automaticity of performing the behavior. An average score
across items was calculated, representing the level of
automaticity for the behavior being measured. Higher average
scores indicate stronger habit or greater automaticity [37]. The
SRBAI is presented in Multimedia Appendix 3. Mechanisms
of impact and contextual factors impacting engagement were
also identified by examining responses to the T1 questionnaire
about the delivery of intervention components and their
perceived usefulness.

Qualitative Interviews
Participants were asked in the initial study consent form if they
agreed to be invited to participate in a semistructured interview
at the end of the study. After the completion of all other data
collection at T1, all participants who agreed were invited to be
interviewed. Two members of the research team (SS and FK)
carried out the interviews. SS and FK were involved in
organizing assessments with participants throughout the pilot
RCT. The interviews followed a topic guide exploring trial
procedures, and participants were asked to give feedback on
the intervention components (Multimedia Appendix 4).
Interviews took place over the phone and, with the participants’
permission, were audio recorded and transcribed verbatim.
Contextual factors were explored in the interviews and were
described in terms of barriers and facilitators of engaging with
the intervention.

Data Analysis

Implementation of the APPROACH Intervention
The T1 questionnaire responses on intervention components
were explored descriptively by calculating percentage
frequencies and, where relevant, measures of central tendency.
Mean scores were calculated for the delivery of each BCT in
the intervention calls as well as an overall mean fidelity score
for each call.

Mechanisms of Impact and Contextual Factors
Influencing Engagement
The data from the questionnaires and interviews were pooled
during interpretation to investigate the mechanisms of impact
and contextual factors of intervention engagement. Qualitative
and quantitative data were analyzed separately. The SRBAI
results from the T0 and T1 questionnaires were explored
descriptively using medians and IQRs due to the skewness of

the data. The T1 questionnaire responses on intervention
components were also used to identify mechanisms of impact.

Three authors (SW, FK, and SS) analyzed the data from the
qualitative interviews using reflexive thematic analysis [38,39].
Inductive coding was undertaken, with these codes then used
to develop themes, and early and final themes were discussed
throughout the coding process among multiple authors (FK, SS,
and PL). While initial coding was inductive and focused on
identifying commonalities across the transcripts, final theme
development was also organized by focusing on the outlined
process evaluation aims on exploring the delivery of the
intervention, the mediating processes (mechanisms of impact),
and the barriers and facilitators to engagement (contextual
factors). All interview transcripts were managed in NVivo
(version 12; Lumivero) to facilitate analysis and data
management.

Data were integrated using a complementarity approach where
the interpretation of quantitative and qualitative results together
allowed a more holistic interpretation of the findings [40].

Ethical Considerations
This pilot study was approved by the Yorkshire & The
Humber-South Yorkshire Research Ethics Committee
(21/YH/0029, Health Research Authority and the local hospital.
All participants gave informed consent and the data reported
are anonymized.

Results

Overview
Table 1 presents the sample characteristics of the 44 participants
in the intervention arm. Most (42/44, 95%) of the participants
were of White ethnicity, comprising an equal number of male
participants (22/44, 50%) and female participants (22/44, 50%),
with a mean age of 63 (SD 11; range 40-85) years. Participants
had received a diagnosis of breast cancer (18/44, 41%), prostate
cancer (18/44, 41%), or colorectal (8/44, 18%) cancer. The
CONSORT (Consolidated Standards of Reporting Trials)
diagram and the flow of participants through the study have
previously been reported [22]. After eligibility screening and
assessment of interest in taking part, the study information sheet
was sent to 148 patients, and 63% (n=93) consented to
participate, with 61% (n=90) being randomized.

JMIR Cancer 2025 | vol. 11 | e64747 | p.671https://cancer.jmir.org/2025/1/e64747
(page number not for citation purposes)

Kennedy et alJMIR CANCER

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Table 1. Characteristics of the APPROACH intervention group (N=44).

Participants, n (%)Characteristics

Sex

22 (50)Male

22 (50)Female

Age range (y)

7 (16)40-50

10 (23)51-60

14 (32)61-70

12 (27)71-80

1 (2)>81

Ethnic group

1 (2)Asian

0 (0)Black

0 (0)Mixed

1 (2)Other

42 (95)White

Cancer type

18 (41)Breast

18 (41)Prostate

8 (18)Colorectal

Localized or metastatic

41 (93)Localized

3 (7)Metastatic

Relationship status

37 (84)Married or in a relationship

3 (7)Single, divorced or separated

4 (9)Widowed

Employment

8 (18)Full time

9 (20)Part time

2 (5)Unemployed

22 (50)Retired

3 (7)Unable or too ill to work

Living arrangements

5 (11)Alone

25 (57)With partner

14 (32)With family

Index of Multiple Deprivation quintile

8 (18)1 (most deprived)

6 (14)2

9 (20)3

16 (36)4

5 (11)5 (least deprived)
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Implementation of the APPROACH Intervention

Overview
In total, 2 (5%) of the 44 participants withdrew from the
intervention group for reasons unrelated to the intervention
(frustration with the accelerometer and increased caring
responsibilities). Most (41/42, 98%) participants who remained
in the study answered the section of the T1 questionnaire on
intervention feedback. Moreover, 1 (2%) of the 42 participants
did not complete this section on intervention feedback.

Delivery of the Intervention

Leaflet

In the T1 questionnaire, 78% (32/41) of the intervention
participants reported reading the entire intervention leaflet,
while 10% (4/41) reported reading some of it, and 12% (5/41)
reported not reading it at all. Of those who did not read it at all,
80% (4/5) stated that they did not remember receiving the leaflet,
and 20% (1/5) stated that it was not relevant to them.

NHS Active 10 App

At the time of the first behavioral support phone call, the
intervention facilitator recorded that 95% (42/44) participants
had downloaded the NHS Active 10 app, with 93% (39/42)
independently downloading it before the first intervention call
and 7% (3/42) downloading it during the call. However, 2%
(1/43) of the participants left call 1 not having downloaded it.
In the T1 questionnaire, 95% (39/41) of the intervention
participants self-reported successfully downloading the app.

In total, 5% (2/41) of the participants were not asked about their
use of the app as they reported not downloading the app earlier
in the questionnaire. Most (33/39, 85%) participants reported
still using the app. Of these, 82% (27/33) reported using it
“almost every day or every day,” and 18% (6/33) reported that
they used it “3-4 times per week.” A few (5/41, 12%)
participants reported using the app during the study but were
no longer using it. When asked how long they had used the app,
the participants reported using it for “1 week,” “2 weeks,” “1
month,” “2 months,” and “3 months.” In addition, 2% (1/41)
of the participants reported not using the app at all despite
downloading it.

Planner Cards

In the T1 questionnaire, 83% (34/41) of the participants reported
using the walking planner cards, whereas 17% (7/41) did not,
including 1 participant who said they did not receive any cards.
Other nonuse was mainly explained in terms of not finding it
helpful/not needing to plan (5/41, 12%) or having a more
physical job (1/41, 2%). Of those who used the planners, 65%
(22/34) reported using the planners for the full 3 months,
whereas others reported using them for 2 weeks (4/34, 12%), 1
month (4/34, 12%), or 2 months (4/34, 12%).

The Usefulness of Intervention Components

Overview

The perceived usefulness of the intervention components is
presented in Table 2.
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Table 2. Perceived usefulness of the APPROACH intervention components (n=41).

Respondents, n (%)Values, mean (SD)Intervention componentsa

40c (98)4.1 (1.0)bBehavioral support call

Leaflet sections

36d (88)3.8 (0.9)bPhysical activity and cancer

36d (88)4.0 (0.8)bWalking

36d (88)3.9 (0.8)bInformation about Active 10

36d (88)4.0 (0.8)bInstructions on how to download Active 10

36d (88)4.1 (0.7)bWalking habits

36d (88)3.8 (1.5)bWalking websites

36d (88)3.9 (0.6)bMean usefulness of leaflet sections

33e (80)4.3 (0.8)bApp usefulness in participants still using the app

5e (12)2.6 (0.9)bApp usefulness in participants who had stopped using the app

33e (80)3.9 (1.2)fApp accuracy in participants still using the app

5e (12)2.2 (0.8)fApp accuracy in participants who had stopped using the app

aThe perceived usefulness of the walking planner card was not explored in the time point 1 questionnaire (n=41).
bA 5-point scale from not at all useful to extremely useful.
cOne person reported not receiving a behavioral support call and was not shown this question.
dFive people reported that they had not read the leaflet and were not shown these questions.
eOne participant reported downloading but never using the app to track their walking. Two participants self-reported not downloading the app earlier
in the questionnaire. These participants were not shown this question.
fA 5-point scale from not accurate to very accurate.

Delivery Fidelity of Behavioral Support Calls

Most (43/44, 98%) of the participants received the first
behavioral support call. The mean time from randomization to
the first intervention call was 11.6 (SD 9.8; range 5-57) days,
and the mean time from randomization to the second
intervention call was 39.2 (SD 9.0; range 33-78) days. In total,
31 (72%) of the 43 calls were conducted on Zoom and 12 (28%)
via telephone. Most (40/41, 91%) of the participants received
the second call. Some (22/40, 55%) of these calls were
conducted on Zoom and 45% (18/40) via telephone. In total,
81 intervention calls from 42 participants were included in the
analysis (n=42, 52% first calls and n=39, 48% second calls).
One intervention participant did not receive any calls, and
another participant was removed from the analysis due to a
recording issue with the first call, so neither of their calls was
included in the fidelity results. The overall mean delivery fidelity

score across all BCTs and all participants was 4.2 (SD 1.2),
which demonstrates overall proficient delivery. Some (18/25,
72%) of the BCTs had a rating of >4, 16% (4/25) had a rating
of 3 to 4, and 12% (3/25) had a rating <3. The BCT called
provide information on health consequences had the highest
fidelity (4.98). This was followed by action planning (4.90) and
habit formation (4.88). The BCT called framing/reframing had
the lowest fidelity (1.31). Nonspecific reward (2.71) and
nonspecific incentive also displayed low fidelity. The delivery
fidelity of each BCT that was intended to be delivered during
the calls is presented in Multimedia Appendix 1.

Mechanisms of Impact and Contextual Factors
Influencing Engagement
Figure 1 presents the theme diagram showing the identified
mechanisms of impact and the contextual barriers and facilitators
that affect these mechanisms and intervention engagement.
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Figure 1. Theme diagram presenting the identified mechanisms of impact and the contextual barriers and facilitators that affect these mechanisms.

T0 and T1 Questionnaires
All (44/44, 100%) intervention participants completed the
SRBAI at baseline. All (42/42, 100%) participants who remained
in the study completed the SRBAI at T1. As mentioned earlier,
most (41/42, 98%) of the participants who remained in the study
answered the section of the T1 questionnaire on intervention
feedback.

Qualitative Interviews
Of the 42 participants who remained in the study, 86% (n=36)
took part in the qualitative interviews. A few (n=3, 7%)
participants did not give a reason for declining to participate,
and 2 (5%) participants consented to the interview but then did
not respond to the interview invitation. Moreover, 1 (2%)
participant did not feel up to taking part in the interview due to
illness-related side effects.

Mechanisms of Impact
Identified mechanisms of impact are outlined in the subsequent
sections with exemplar quotes indicating the participants’
self-identified sex (male or female) and age.

Shapes Understanding of PA and Its Importance

Many participants reported gaining information about brisk
walking and its benefits as well as information on how to use
the app through the intervention call and the leaflet:

...the lady basically went through everything. That
was probably the most helpful thing. How to use
things and everything. [Female participant; aged 42
y]

The delivery of comprehensive and meaningful information
enhanced participants’understanding of the target behavior and
provided them with a clear purpose for implementing it:

She went thoroughly through the app with me...Then
when she started to explain it, I thought yes, that
makes sense. [Male participant; aged 60 y]

Enables Monitoring of Behavior

Participants reported that having 2 intervention calls was
motivating as it helped them to reflect on their progress between
the calls:

...the follow up call halfway through was touching
base and seeing how I was getting on which obviously
encouraged me to do it. [Male participant; aged 73
y]

The feedback on behavior received via the app showing daily,
weekly, and monthly minutes of brisk walking was considered
effective. Participants reported that they found the tracking
feature motivated them to continue their walking efforts:

And actually, when I realised I wasn’t doing enough,
when I felt able to, I extend my walk to get the thirty
minutes. [Female participant; aged 60 y]

Several participants reported using the planner cards to record
their walks afterward rather than planning with them upfront.
However, this sense of accountability through recording their
activity engaged them to keep walking:

I wrote down what was on my app, every day, how
many minutes walking I did everyday. [Female
participant; aged 62 y]
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Increases Motivation Toward Rewards

Many participants reported that the app was the primary
intervention component that kept them most motivated and
engaged, particularly through the trophies or cups awarded (for
every 10 min of brisk walking):

I did enjoy getting them cups every day, I thought that
were great. [Female participant; aged 61 y]

Participants often reported walking a few more minutes to
achieve the next reward or cup on the app, some even referring
to being obsessed or addicted to achieving their goals:

...if I get to say 28 minutes, I’ll just do the extra two
to make it thirty. [Female participant; aged 49 y]

30 has been the minimum goal I’ve gone for. So even
if it’s not been a nice day or if I’m tired...I still go
out...it’s addictive. [Male participant; aged 75 y]

The achievability of these rewards influenced engagement, with
several participants reporting exceeding their targets and wishing
that more rewards were available:

That’s another downside, you can’t set your goal to
any more than three. [Female participant; aged 61 y]

Participants also reported a sense of satisfaction when being
able to tick off completing their walks in their planners:

...you can see something, you’re achieving something.
[Female participant; aged 47 y]

Encourages Habit Formation

Many participants reported feeling that they had formed habits
throughout the intervention period, and this enabled them to
establish and maintain their walking and brisk walking habits:

It’s part of it now, it’s part of your day, it’s part of
your walk so its not I’m going I’ve got to do this, I’ve
got to do that...It’s just a normal day for us going for
a walk. And you get back and you think, mmm, I didn’t
realise I was doing that quick. [Female participant;
aged 65 y]

This is also supported by the SRBAI results for “walking,”
where total SRBAI scores in the intervention group increased
from baseline (mean 4.1, SD 1.6) to T1 (mean 4.7, SD 1.9).
Similarly, total SRBAI scores for “brisk walking” in the
intervention group increased from baseline (mean 4.0, SD 1.7)
to T1 (mean 5.1, SD 1.8).

Providing Reassurance and Encouragement

Many participants recalled how helpful and friendly the
facilitator was in the intervention calls:

...they were lovely, caring and friendly. [Female
participant; aged 61 y]

This positive rapport helped participants adhere to their brisk
walking, and they recalled feeling encouraged and supported
throughout the intervention period:

...it’s useful because it makes you feel as if you’re not
forgotten. [Male participant; aged 73 y]

Contextual Factors
The contextual factors influencing engagement are summarized
according to barriers and facilitators with exemplar quotes
indicating the participants’ self-identified sex (male or female)
and age.

Barriers

Flexibility in Lifestyle and Planning

Data from the qualitative interviews and the T1 questionnaire
indicated that participants felt the planners, in their intended
use (to plan walks each week), were not flexible enough and
did not fit their lifestyles:

...it didn’t work for me at all because every day is
different. [Female participant; aged 42 y]

Related to this, some participants suggested making the planners
daily, rather than weekly, which would allow more nuanced
plans to be made:

...it wasn’t going to be at the same time every day so
it just needed breaking down into a daily thing.
[Female participant; aged 57 y]

The Impact of Cancer and Its Treatment

Several participants reported in the interviews and the T1
questionnaire that their cancer diagnosis and treatment
sometimes made it difficult to engage with the intervention:

...this was just after my treatment and I was tired a
bit. [Female participant; aged 67 y]

I couldn’t plan, because I was in and out of different
appointment times. [Female participant; aged 57 y]

This was also seen when participants were asked about the
appropriateness of the app for people LWBC, with several
participants reflecting on how differing experiences may help
or hinder engagement:

I had some days where I felt like I didn’t want to see
daylight, not talk to anybody...I think on those bad
days I wouldn’t have wanted to be bothered with it.
[Female participant; aged 67 y]

Many participants discussed that the appropriateness of the
timing of the intervention would be dependent on where the
patient was in their cancer care. Although many participants
noted that taking part in the intervention during treatment would
have been too difficult for them due to the side effects, several
also suggested that using the intervention during treatment was
suitable as it gave them something else to focus on:

No I wouldn’t have been able to do it when I was
having chemo, I could barely even walk round the
garden. [Female participant; aged 58 y]

This gave me something else to think about you know
something on a daily basis which took me mind off
you know that three-week cycle as much as it could.
[Male participant; aged 65 y]
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Other Competing Commitments

Several participants reported not having time to walk due to
factors, such as having caring responsibilities, working hours,
and appointments:

...well the kids can’t walk with me they have only got
little legs, who is going to watch them? [Female
participant; aged 41 y]

Technical Difficulties With the App

In the interviews, several participants reported experiencing
difficulties with the recording of walks on the app if there was
a lack of signal or due to the phone’s positioning. For example,
sometimes participants found the recording differed depending
on what pocket their phone was in:

...if I had it in my trouser pocket by my leg it worked
all fine, ok, no problem at all, if I had it in my shirt
pocket it didn’t register anything. [Male participant;
aged 73 y]

This is supported by the T1 questionnaire results indicating that
perceived app accuracy was an issue that likely influenced use
and engagement with the app over time:

Didn’t find the app as accurate as it could be and
doubted its recordings on occasions. [Female
participant; aged 41 y]

Environmental Influences

Participants described how the weather played an influential
role in their ability and motivation to go on their walks:

What it’s going to be like when it starts raining and
it’s really awful weather I don’t know. [Female
participant; aged 40 y]

As well as hindering their ability to go out on a walk, some
participants also described feeling guilty if they did not go out
and walk due to the weather:

There were some days where it was absolutely
throwing it down outside…and I thought oh no and
I really felt guilty that I’d not actually done it.
[Female participant; aged 61 y]

Facilitators

Support From Others

Many participants talked about telling people of their
involvement in the trial and their efforts to increase their
walking, describing a sense of accountability from sharing the
experience with others:

...so now it’s a case of, “Have you got your minutes
in yet dad?” and it, everyone’s sort of like joining in
with it. [Male participant; aged 75 y]

In addition, having someone to go on a walk with and even
having family members and friends also use the app was
described as encouraging and gave participants a sense of
comradery in changing their behavior:

It made us all as a family go for a walk. It not just
helped me with that. It helped all of us. [Female
participant; aged 42 y]

Personal contact from the study team also facilitated
engagement, with several participants reporting that they felt
supported and that they had the opportunity to get in touch if
needed:

...it were good to know that somebody you know, I’d
phone and they’d take an interest. [Female participant;
aged 61 y]

Trust in Health Care Professionals

Several participants noted that endorsement from their health
care professional facilitated their engagement with the
intervention and willingness to change their behavior, as their
medical team is seen as a credible source of information:

So the fact it had come from the doctor made me want
to do it even more. [Female participant; aged 42 y]

Perceived Usefulness of the Intervention

The perceived usefulness of the intervention components
appeared to influence engagement in the target behavior, with
participants reporting that some components (eg, app) were
more helpful than others (eg, planners).

Overall, the behavioral support call was rated as useful (mean
4.1, SD 1; Table 2). In the qualitative interviews, the participants
reported finding the calls useful as a source of information and
motivation as well as helping them to regain their focus:

You know, if you’ve got an issue you can talk to
somebody about it. But also it keeps you motivated.
[Female participant; aged 56 y]

The leaflet was generally rated as useful (mean 3.9, SD 0.6),
particularly the sections on “walking,” “downloading the app,”
and “walking habits” (Table 2). The qualitative data suggested
that although this was useful for reading initial information
about the benefits of brisk walking and particularly for
downloading the app, some participants reported limited
recollection of the leaflet at the follow-up point:

I did have a quick flick through it. And obviously the
bit about finding the app. [Female participant; aged
49 y]

T1 questionnaire results indicated a mean usefulness of 4.1 (SD
1) for the app, but with higher ratings among the 33 participants
still using it compared to the 5 who had ceased. Most (28/38,
74%) of the users found it extremely useful or very useful.
Participants who reported still using the app reported higher
perceived accuracy of the app in recording their time spent
walking compared to those not using the app anymore (Table
2). This is supported by the qualitative findings, with participants
reporting still using the app and finding it enjoyable to monitor
their progress on it:

I use it all the time now...I still want to make sure I
have got at least two cups. [Male participant; aged
74 y]

The usefulness of the planner explored in the qualitative
interviews highlighted that although the planners were useful
to get started and to form habits, their use ceased over time due
to factors such as not finding planning as helpful long-term,
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finding the app sufficient to motivate them, and just forgetting
to use them:

I think you need the planner thing for the first week
or so but after that I don’t think you do. [Female
participant; aged 56 y]

Perceived Benefits of Engagement With the Intervention

Where participants felt they were benefiting from taking part,
they reported feeling motivated to continue their brisk walking,
reporting feelings of enjoyment, better mood and well-being,
and improvements in physical health and fitness:

I definitely felt better in myself, there’s no question
about that. I felt fitter as well. [Male participant; aged
60 y]

As well as the direct impact of the intervention, many
participants also reported feeling more able to engage in
activities of daily living, such as going shopping, socializing,
and doing housework because of their improved fitness and
well-being:

I have started going out with more friends...getting
out a bit more and feel better and everything. [Female
participant; aged 67 y]

Discussion

Summary of Findings
This study combined data collected as part of the APPROACH
pilot RCT to assess the implementation of a multicomponent,
app-based behavioral intervention to promote brisk walking in
people LWBC. The findings of this process evaluation
demonstrated proficient implementation of the intervention and
suggest that there are several mechanisms of impact underlying
the efficacy of the intervention as well as contextual factors that
can be barriers or facilitators to engagement.

Successful Implementation of the APPROACH
Intervention
The successful delivery of intervention components and intended
BCTs is essential for attributing any changes in behavior to the
intervention in question [41]. This study demonstrated proficient
implementation, with most participants reporting engagement
with the intervention components, including downloading the
app, reading the leaflet, receiving the behavioral support call,
and using the planners. In addition, fidelity is rarely reported
in evaluations of PA interventions [29]. In a systematic review
of 21 studies assessing the quality of measuring delivery fidelity
in PA interventions, Lambert et al [42] reported considerable
heterogeneity in evaluating delivery fidelity. This study reports
high delivery fidelity of the intended BCTs in the behavioral
support calls [21]. While interventions with only a single
intervention facilitator often exhibit higher fidelity, investigating
how various intervention facilitators across different contextual
settings deliver BCTs is essential for understanding the
real-world application and scalability of interventions [43].
Particularly where multiple intervention facilitators are involved
in the delivery, future research should consider factors such as
personal characteristics and individual context when evaluating
intervention delivery [44,45].

The BCTs called information on health consequences, action
planning, and habit formation showed the highest fidelity, and
these BCTs appear to influence key mechanisms of impact
highlighted by participants in the qualitative interviews.
Empowering participants with information on why they should
go walking and providing them with information about its
benefits appeared to enhance their engagement and adherence
to their planned walks. The delivery of and engagement with
the action planning BCT is promising, as this BCT was shown
to be associated with larger effect sizes in a systematic review
of 26 studies evaluating BCT effectiveness in PA interventions
in adults who are healthy and inactive [29]. This study extends
this finding and suggests that this BCT is suitable and
appropriate for people LWBC and should be included in future
intervention designs with this population. The BCTs that were
not successfully delivered included those called nonspecific
reward, nonspecific incentive, and framing or reframing. Despite
the BCT called nonspecific reward receiving a low fidelity rating
in the recorded behavioral support calls, the qualitative
interviews suggested that this BCT was effectively covered in
other aspects of the intervention, with participants reporting
enjoying working toward the rewards and trophies in the NHS
Active 10 app. The low delivery fidelity of the BCT called
framing/reframing could be attributed to participants’voluntary
enrollment in a PA trial. It is likely that they already recognized
the importance of PA even without fully recognizing its role in
life beyond a cancer diagnosis [46,47].

BCTs Underlying Change
The mechanisms of impact identified by participants in the
qualitative interviews and follow-up questionnaire were in line
with previous research. For instance, self-monitoring of behavior
is one of the most frequently used components in complex PA
interventions [48], and multiple systematic reviews have
demonstrated its effectiveness in increasing PA that is
maintained long-term [49-51]. In this intervention, the NHS
Active 10 app allowed participants to track their brisk walking
and total walking, and participants reported that being able to
see their improvement over time motivated them to continue
their behaviors. In a similar pilot RCT using a self-monitoring
app alone, Ormel et al [52] reported that participants in the
intervention group increased their activity more from baseline
to 6 weeks, but this difference was not maintained at 12 weeks.
The authors attributed this to a potential loss of novelty and
interest in the app. Although not powered to detect differences
in PA, the findings of this study suggest that the second
behavioral support call was important in continuing
encouragement of monitoring of behavior and reviewing of
goals, with participants describing a sense of accountability
with the later call. This feedback indicates that a light-touch
intervention call to check in with participants can be beneficial
in consolidating commitment to PA goals in people LWBC.
While technology can help reduce resource demands, future
research should consider the benefits of a low-burden behavioral
support call to augment an app as an already powerful and
scalable intervention component.

Participants extensively discussed the app as the driving
component of the intervention, supporting our previous reports
of high engagement with the NHS Active 10 app [22]. The
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discussions revealed that another mechanism underlying
behavior change in this context was the ability of the app to
increase motivation toward reward using gamification
techniques [53]. The performance of the desired behavior (brisk
walking) was reinforced by the positive feelings of
encouragement and dedication resulting from these cups and
trophies in the app.

Encouraging Habit Formation
The APPROACH intervention was informed by habit theory
[21], and the identification of habit formation as a mechanism
of impact in both the qualitative interviews and questionnaire
data demonstrates that this BCT was delivered effectively in
the intervention. Participants reported that the leaflet, app,
behavioral support call, and planners helped to establish
sustainable walking habits. Gardner et al [54] define habit
formation as “learning cue–behaviour associations, that when
cued, automatically generate action impulses.” This sense of
automaticity was described by participants in the qualitative
interviews, whereby consistent repetition of their walking daily
led to the enactment of brisk walking. This meant that they
engaged in brisk walking even during activities that previously
would not have involved this exercise intensity. These findings
are also supported by the increased SRBAI results from baseline
to follow-up, which showed an increase in the initiation of walks
as well as the way walking was executed (ie, briskly) [55]. The
importance of encouraging long-term engagement in PA after
the intervention period is highlighted in systematic reviews of
PA maintenance in cancer populations that report only modest
improvements at longer follow-up time points [30,56]. The
results of this study endorse the integration of habit theory into
future interventions aimed at increasing PA to overcome the
challenge of sustaining behavioral changes over time [56].

To reinforce the idea of habit, the walking planner cards were
designed to promote habit formation, facilitate planning, and
prompt participants to engage in PA [21,54]. However, both
questionnaire data and interview data showed that the structured
design of the planner cards was not compatible with the
day-to-day changing schedules and lifestyles of some
participants, highlighting the importance of conducting this
process evaluation to account for and reconsider this contextual
aspect of the intervention and future similar interventions. The
need for flexibility in lifestyle and planning was reported as a
barrier by participants and further confirmed by the reflections
of the intervention facilitator (CB) after discussing their use
with participants.

Barriers to Engagement: Cancer Impact and
Competing Commitments
Other contextual barriers included the impact of cancer and its
treatment, having other competing commitments, technical
difficulties with the app, and environmental influences. The
side effects of cancer and its treatment have previously been
identified as a key barrier to PA participation in systematic
reviews [18] as well as in our own preparatory work for this
pilot RCT [19]. Participants in this study reported that the impact
of cancer and its treatment inhibited their ability to engage in
some elements of the intervention due to different physiological,
structural, and psychological factors. Cancer-related fatigue is

the most reported symptom in people LWBC who have
undergone treatment with prevalence estimates of up to 90%
of those treated with radiotherapy and 80% of those treated with
chemotherapy [57,58]. In this study, participants discussed
fatigue symptoms and felt that engaging with the intervention
during treatment would have been difficult. Beyond this
physiological barrier, the structural barrier of having any
appointments for their cancer care also reduced their ability to
engage with some components, including the planner card, as
there were many hospital appointments that they had to attend
and plan around. We have previously reported on the perceived
suitability of the timing of the APPROACH intervention, with
most participants feeling that it was reasonable [22]. While
some participants felt that engaging during treatment would be
difficult, others felt that it was useful to have something else to
focus on and have control over [22]. Previous reviews in this
area have also reported discrepancies in the preferred timing of
PA intervention delivery within the cancer care pathway [18,59].
Involvement in PA at an earlier stage has been associated with
improved treatment response, tolerance, and quality of life
[13,60,61]. Considering, the delivery of the APPROACH
intervention during and after the treatment for cancer is still
endorsed while recognizing the contextual barriers, such as this,
when interpreting APPROACH intervention outcomes. These
findings highlight the importance of involving patient
perspectives in future intervention design with this population,
with the acknowledgment that different stages of the treatment
pathway can facilitate or inhibit PA participation and should be
accounted for when assessing intervention delivery and
engagement.

Driving Engagement: Support, Trust, and Perceived
Benefits
Facilitators to engagement included having support from others,
trust in health care professionals, the perceived usefulness of
the intervention, and the perceived benefits of engagement with
the intervention. The BCTs called social support (practical) and
social support (emotional) were competently delivered in line
with the protocol [21,31]. Accordingly, participants recognized
how having support from others, such as family members and
partners, enhanced their engagement with the intervention and
how they felt supported by the intervention facilitator. Social
support has previously been identified as highly important in
PA engagement [62], with reasons, such as accountability, being
cited as helping to facilitate and promote engagement [63]. In
our preparatory work for this RCT, trust in health care
professionals emerged as a crucial factor influencing
engagement [19], and this was highlighted again in this study,
where incorporating an endorsement letter from the clinical care
team enhanced app credibility.

Limitations
Limitations of this study include that only 1 intervention
facilitator delivered all behavioral support calls, which may
explain the high-fidelity ratings. It is crucial to consider the
transferability of the intervention across individuals, particularly
when envisioning integration into routine NHS care [20,22]. In
addition, there may be some recall bias influencing results, as
most of the questionnaire data were collected at the 3-month
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follow-up [64]. Participants may have had difficulty in
answering questions on earlier components (eg, leaflet
information) compared to components they were still using (eg,
app). Due to the pilot nature of this study, where feasibility and
acceptability were the main outcomes of interest, we were
unable to examine how engagement with each intervention
component influenced the primary outcome of brisk walking.
For future research, the application of the Multiphase
Optimization Strategy with a factorial design could offer more
insights into how differing engagement with each component
can impact the main outcomes and help inform intervention
optimization for larger efficacy RCTs [65,66]. Finally, despite
its recognition as a potential mechanism, it is difficult to assess
how the intervention helps to establish longer-term habits, which
are key for PA maintenance [67], as this pilot RCT only
examined outcomes at 3 months.

Conclusions
This study extends our previously published findings on the
APPROACH pilot RCT [22] by demonstrating that the

intervention was delivered as intended with high levels of
engagement from participants. In addition, this paper highlighted
the potential mechanisms through which change occurs, such
as habit formation and behavioral monitoring, which are in line
with the intended BCTs used in this intervention. The process
evaluation also highlighted important contextual factors to
consider when progressing to the APPROACH main trial,
including facilitators, such as social support, which played a
significant role in promoting adherence to the intervention. The
protocol for the definitive RCT will report on adaptations made
to APPROACH based on the feedback gathered in this study.
This process evaluation provides strong support for the
progression to the stage-3, definitive RCT to evaluate the
effectiveness of the APPROACH intervention (began in
November 2023) and enables a more nuanced understanding of
how the APPROACH intervention works and the contextual
factors to consider with implementation.
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Abstract

Background: Survivors with head and neck cancer (HNC) face challenging treatment consequences that can lead to severe
disruptions in swallowing and result in weight loss, malnutrition, and feeding tube dependence. Caregivers (family or friends
who provide support), therefore, often encounter distressing nutritional caregiving burdens and feel unprepared to provide adequate
support at home.

Objective: The purpose of this mixed methods study was to develop a mobile support app to support HNC caregiving with an
emphasis on nutritional support following treatment.

Methods: We assessed perspectives on nutritional recovery challenges and mobile support app preferences in (1) a national
panel of oncology dietitians using a web-based cross-sectional survey and (2) survivors with HNC completing treatment within
the past 24 months and their nominated caregivers using dyadic semistructured interviews. Descriptive statistics for survey data
were synthesized with thematic analysis of interview data to characterize nutrition-related perceptions and intervention preferences;
results were integrated, and themes were translated to high-priority main menu domains and subdomains for a mobile app for
caregivers.

Results: Surveys were completed by dietitians (n=116, 100%; female n=87, 50%, with >10 years practice experience). Interviews
included survivors with HNC (n=15; 12/15, 80% male, and 6/15, 40% with oropharynx cancer) and their caregivers (n=13; 11/13,
85% female, and 10/13, 77% spouses). Dietitians, survivors, and caregivers perceived that the majority of nutritional concerns
assessed (eg, swallowing, feeding tube management, weight maintenance, and caregiver distress about nutrition) were very or
extremely important to caregiving in the 6 months following treatment conclusion. The caregiving tasks rated highest in importance
by dietitians included tracking nutritional concerns (n=113, 97%), working together as a team on nutritional concerns (n=104,
90%), and making care decisions (n=102, 88%). Five themes emerged from dyadic interviews, including types of nutritional
challenges faced, that competing symptoms were difficult to separate from nutritional challenges, the emotional challenges related
to nutrition and recovery, the diverse set of medical and support tasks taken on by caregivers, and information and resource needs
in caregivers. Qualitative interview and survey themes guided the content of the Healthy Eating and Recovery Together (HEART)
app with an intake tracker and sections for nutrition recovery support, other competing caregiving tips, peer support, and caregiver
self-care.

Conclusions: Results pinpointed optimal content for a mobile app for caregivers of individuals with HNC and support the
acceptability of implementing the HEART app following HNC treatment.

(JMIR Cancer 2025;11:e66471)   doi:10.2196/66471

KEYWORDS

head and neck cancer; cancer survivorship; caregiving; nutrition; mobile health; app development; mixed methods

JMIR Cancer 2025 | vol. 11 | e66471 | p.685https://cancer.jmir.org/2025/1/e66471
(page number not for citation purposes)

Sterba et alJMIR CANCER

XSL•FO
RenderX

http://dx.doi.org/10.2196/66471
http://www.w3.org/Style/XSL
http://www.renderx.com/


Introduction

Approximately 522,846 people were living with oral cavity,
pharynx, and larynx cancers in the United States in 2021 [1,2].
With increasing numbers of survivors with head and neck cancer
(HNC), it is imperative that survivorship concerns are addressed
[3,4]. Survivors with HNC face extremely difficult treatment
consequences that impair their nutritional well-being [5].
Specifically, HNC and its multimodal treatments [6] can result
in oral health problems related to swallowing, speech, mucositis,
and dry mouth [7] that disrupt nutritional intake during and after
treatment. Most survivors with HNC experience weight loss
during treatment [8-11]. Population-level analyses using
Surveillance, Epidemiology, and End Results data have
estimated that approximately half of patients with HNC need a
feeding tube and 40%‐45% of survivors with HNC experience
dysphagia-related morbidities up to 2 years following treatment
[12]. These nutritional recovery challenges impair the quality
of life substantially [13-17].

Nutritional challenges in survivors with HNC also impact their
caregivers [18,19], family members, and friends who provide
cancer-related support. Relative to caregivers for people with
other cancer types, caregivers of people with HNC confront
unique support tasks such as feeding tube management, meal
preparation, and speech support [6,19-22]. Caregivers report
feeling unprepared for their roles in nutritional caregiving,
sometimes experiencing a disconnect between survivors’ goals
and their own, and experiencing significant unmet needs as
caregivers [23-29]. While interventions for caregivers caring
for a loved one with cancer have been designed and tested
[30-33], few evidence-based interventions are available to
support caregivers of people with HNC with a focus on
nutritional caregiving tasks in the early posttreatment period.
Challenges in providing high-quality comprehensive support
to caregivers of people with cancer include cost (financial and
time) and competing demands while caring for a loved one
[34-36], complexity of survivors’ needs [20], and high
prevalence and extent of emotional concerns among both
survivors and caregivers [37,38].

Digital health strategies may overcome some of these barriers
and offer a promising way to reach and support caregivers of
survivors with HNC, particularly during the transition from
cancer care to home, a critical point at which in-person
interventions may not be feasible [39]. Research is growing on
the feasibility, acceptability, and efficacy of digital health
interventions for caregivers of people with cancer, with
encouraging results for interventions designed to decrease
burden and improve mood [39-45]. To guide the development
of a mobile app to support nutrition-related caregiving among
caregivers of people with HNC, this mixed methods study
characterized nutritional challenges and caregiving tasks and
intervention preferences in HNC oncology dietitians and
survivor-caregiver dyads.

Methods

Study Design
Using a concurrent parallel mixed methods design [46], this
study included a cross-sectional, web-based survey of a national
panel of oncology dietitians and semistructured interviews with
survivors with HNC and caregivers. We selected a mixed
methods approach to facilitate gathering the perspectives of
three groups, including dietitians, survivors with HNC, and
caregivers [46]. A mixed methods approach also allowed for a
more comprehensive understanding of the unmet needs of
caregivers of people with HNC to drive the selection of content
in a supportive care app to address those needs. Our team
included researchers with expertise and training in HNC, cancer
survivorship, oncology caregiving, and mobile health. We used
a team approach to reflexivity with discussion and attention to
the potential of the research team’s background to influence
research findings.

The purpose of this mixed methods study was to characterize
nutritional challenges and caregiving tasks and intervention
preferences in HNC oncology dietitians (quantitative) and
survivor-caregiver dyads (qualitative and quantitative). We
concurrently collected survey data from dietitians. Both
quantitative and qualitative data were considered of equal
priority and were analyzed separately and then integrated using
the merging technique [47] as described below. Data were
collected between April and September 2018. The GRAMMS
(Good Reporting of A Mixed Methods Study) checklist was
used to guide the mixed methods approach and reporting [48]
(Checklist 1). Multimedia Appendix 1 provides the interview
guide and surveys.

Dietitian Surveys
A convenience sample of dietitians was recruited by posting a
study notice on the listserv for the Oncology Nutrition Dietetic
Practice Group of the Academy of Nutrition and Dietetics.
Dietitians were eligible for the 15-minute web-based survey if
they reported providing care for patients with HNC in the past
6 months; the survey was hosted on REDCap (Research
Electronic Data Capture; Vanderbilt University). The 67-item
survey was developed by the study team. All items were
optional, and participants could return to the survey over time
if requested. The survey assessed demographic (race, ethnicity,
sex, and age) and practice (credentials, years practicing as a
dietitian, practice setting, and number of patients with HNC
seen per week) characteristics. In addition, perceptions of the
importance of posttreatment concerns in caregiving (0=not at
all important to 4=extremely important) and perceived
importance and difficulty (0=not important or difficult at all to
4=extremely important or difficult) of a variety of support tasks
for caregivers of people with HNC, guided by the transactional
model of caregiving were assessed (eg, tracking nutritional
intake, changes and patterns in symptoms, and making care
decisions [49]). Other measures included ratings of nutritional
support resource needs (0=not at all to 4=extremely) in
caregivers of people with HNC (eg, screening process to identify
caregiver nutritional concerns, assessment tool to identify
caregiver distress, and educational materials) and barriers to
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addressing support needs (1=not a barrier at all to 4=major
barrier) in caregivers of people with HNC (eg, time, caregiver
interest, lack of evidence about the value of caregiver programs,
and leadership). Participants then reviewed example app screens
and then answered questions about the preferred focus of app
content (eg, increasing caregivers’ awareness of the importance
of addressing nutritional challenges, changing caregivers’
attitudes about improving nutritional status, and encouraging
help-seeking for nutritional support) using an adapted version
of the app-specific subscale in the Mobile App Rating Scale
[50] (1=strongly disagree to 6=strongly agree) and an
open-ended question. Finally, participants completed an
open-ended question asking them to describe any specific
suggestions they had for the development of a mobile support
app for HNC caregivers.

Dyad Interviews
Survivors with HNC who completed treatment with curative
intent 6‐24 months prior to enrollment and were free of
disease, and their caregivers, were recruited at the Medical
University of South Carolina Hollings Cancer Center, with
initial screening for eligibility by chart review. Inclusion criteria
included being 18 years or older, completing treatment for stage
I-IVA HNC (mucosal squamous cell carcinoma of the oral
cavity, oropharynx, hypopharynx, and larynx), and experiencing
nutritional challenges at the end of treatment as assessed by a
6-item screen. Survivors were excluded if they were unable to
identify a primary caregiver, and survivors and caregivers were
excluded if they either did not speak English or were cognitively
impaired. After mailing a study letter and determining eligibility
via phone screen, dyadic interviews were scheduled. Informed
consent documents were signed, and dyadic interviews were
conducted in person by 2 female investigators with training in
qualitative methods (KS and MS). Interviewers did not know
the participants and were not involved in their clinical care.
Interviews were continued until we reached saturation in themes
[51]. They were conducted in a private room, audio-recorded,
and lasted approximately 45 minutes. Field notes were taken to
provide interview observations.

We developed a semistructured interview guide using a cancer
survivorship quality of life framework [52] to examine
participants’ reflections on the physical, emotional, and social
challenges they experienced at the end of treatment and in the
6 months following treatment conclusion, with an emphasis on
nutritional challenges and caregiving. Survivors and caregivers
were asked to describe their emotional and physical well-being
at the end of treatment. They were asked specifically about
nutritional challenges, expectations they had about intake
abilities, and the caregiver’s role in nutritional recovery. Finally,
they were asked about caregiver needs and suggestions for
resources to better meet their needs at the end of treatment.
Participants then viewed a set of example app screens (eg,
nutrition tips, recipes, and stress management advice) on a tablet,
after which they provided feedback on the content and format
of a future app. After the interview, survivors and caregivers
completed separate brief paper-based surveys assessing
demographic (age, race, sex, and education), clinical (stage,
treatment type, and nutritional status at the end of treatment),
and technology access (home computer and smartphone)

characteristics. They also completed ratings of the importance
of caregiving tasks (0=not important to 4=extremely important)
and ratings of agreement (1=strongly disagree to 6=strongly
agree) about the benefits of checking in with caregivers after
treatment, providing support messages to caregivers, and the
importance of providing practical information to help with
patients’ nutritional recovery.

Ethical Considerations
Study procedures were approved by the Medical University of
South Carolina Institutional Review Board (Pro00066211). A
waiver of written informed consent was granted for dietitian
surveys; after reading a study statement, participants advancing
to the survey implied consent. Dyads completed written
informed consent before completing interviews and received a
copy of the signed consent for their records. All screening and
survey data were stored in password-protected databases. The
underlying databases were hosted in a secure data center. All
data were identified only by code number (participant IDs).
Dietitians completing surveys were entered into a lottery to
receive a US $25 gift card to thank them for their time. Survivors
with HNC and caregiver participants each received a US $50
gift card.

Statistical Analysis and App Development
Descriptive statistics were used to characterize survey data on
dietitian and survivor-caregiver dyad demographic
characteristics, perspectives about posttreatment, and caregiving
challenges, and app preferences using R (R Core Team) [53].
Interviews were transcribed and analyzed using rigorous content
analysis methods for systematic theme identification [54] in
NVivo software (QSR International) [55]. Transcripts were
coded by pairs of independent coders (KS, JO, and HK) and
regrouped and reorganized until the investigators agreed on
categories. This initial inductive theme identification process
was followed by team meetings to finalize themes and guide
implications for the intervention design. We sought
trustworthiness in the qualitative data analysis approach by
including prolonged engagement with the data, triangulating
data, and using an audit trail to finalize themes [56]. Quantitative
and qualitative data were analyzed separately, and then a data
synthesis integration step was used to guide app development
[57]. We selected the mixed methods integration approach of
merging [47] and brought our quantitative and qualitative results
together for elaboration. For example, the quantitative results
(eg, perceptions and preferences of dietitians, survivors, and
caregivers) were merged with key themes identified in
interviews used to offer a more in-depth understanding of
appropriate content for the app. Our interdisciplinary team of
HNC clinicians, researchers, and developers completed a set of
planning meetings to translate study results into app content by
discussing the meaning of themes, identifying potential
similarities and differences across themes, and mapping the
themes to content using a consensus-based approach. The app
development method was an agile approach, specifically rapid
application development or rapid application building, which
focuses on timely delivery in a fast-paced environment with the
use of prototyping and iterative development [58]. The research
team worked closely with the development team to review and
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test evolving prototypes; a final prototype was pretested with
2 caregiver volunteers who were not involved in interviews or
development activities.

Results

Participant Characteristics

Dietitians
All dietitians (n=116, 100%) were female, and the majority
were registered dietitians (n=115, 99%) and White (n=110,
95%). Most practiced more frequently in the outpatient (n=107,
92%) versus inpatient (n=23, 20%) setting; options not mutually
exclusive. Half had more than 10 years of experience working
with patients with HNC, and most (n=87, 75%) cared for 1‐10
patients with HNC per week.

HNC Dyads
A total of 50 survivors mailed a study letter. Several (n=15,
30%) were ineligible due to exclusion criteria, while others
declined (n=20, 40%) due to scheduling conflicts prohibiting
attendance at the in-person interview, lacking interest or
reporting being too ill, or overwhelmed to participate. In total,
15 survivors enrolled in the study and nominated a caregiver.
All survivors completed the in-person interview and 11 survivors
were accompanied by their caregivers (8 spouses and 3
children). Scheduling conflicts precluded interview completion
for 4 caregivers in person, 2 of whom were interviewed
independently by phone (n=13 caregivers overall).

Most survivors (n=12, 80%) were male, while most caregivers
(n=10, 77% spouse) were female (n=11, 85%). A total of 83%

(n=19) of survivors and 87% (n=20) of caregivers were White,
and age varied from 28 to 79 years (mean age 66, SD 15.1 for
survivors and 61, SD 16.6 for caregivers). A total of 20% (n=3)
of survivors and 27% (n=3) of caregivers had a high school or
lower education. The most common cancer types included
oropharynx (n=6, 40%) and oral cavity (n=3, 20%). Most
survivors had surgery (n=14, 93%) and radiation (n=12, 80%);
not mutually exclusive. One-third (n=5, 33%) had a liquid diet
and approximately half (n=7, 47%) had a feeding tube at the
end of treatment. Finally, most participants had a home computer
(n=13, 87% survivors; n=13, 100% caregivers) but fewer
survivors than caregivers had a smartphone (n=11, 73% vs n=10,
90%).

Posttreatment Challenges

Perceptions of HNC Nutritional Concerns in Caregiving
In the 6 months following treatment completion, dietitians,
survivors, and caregivers perceived that the majority of
nutritional concerns assessed were important to caregiving
(Figure 1). The caregiving concerns rated most important (ie,
very or extremely) by dietitians included weight maintenance
(n=107, 92%), feeding tube management (n=103, 89%),
caregiver distress about nutrition (n=103, 89%), and swallowing
(n=102, 88%). The caregiving concerns rated as most important
by survivors included feeding tube management (n=8, 100%),
swallowing (n=14, 92%), and caregiver distress about nutrition
(n=14, 92%). The caregiving concerns rated most important by
caregivers themselves included weight maintenance (n=10,
91%), swallowing (n=10, 91%), caregiver distress about
nutrition (n=9, 82%), and dry mouth (n=9, 82%).
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Figure 1. Dietitian, survivor, and caregiver perceptions of the nutritional concerns in caregiving after treatment. This figure reports data from dietitian
(n=116), survivor (n=15), and caregiver (n=11) surveys. Each caregiving concern endorsed at the very or extremely important level is graphed for
dietitians, survivors, and caregivers.

Perceptions of HNC Caregiving Tasks
Most dietitians perceived all evaluated caregiving tasks to be
very or extremely important to survivors’ recovery. The
highest-rated caregiving tasks included tracking nutritional
concerns (n=113, 97%), working together as a team on
nutritional concerns (n=104, 90%), and making care decisions
(n=102, 88%). Relative to importance, most dietitians did not
perceive that the measured caregiving tasks were overly difficult

for caregivers to perform. The caregiving tasks most frequently
endorsed as very or extremely difficult included navigating the
health system (n=45, 39%), making care decisions (n=44, 38%),
and interpreting changes in nutritional status (n=40, 34%).

HNC Recovery Challenges
Dyadic interviews identified 5 unique themes, which are
described below with example quotes from survivors and
caregivers shown in Textbox 1.

JMIR Cancer 2025 | vol. 11 | e66471 | p.689https://cancer.jmir.org/2025/1/e66471
(page number not for citation purposes)

Sterba et alJMIR CANCER

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Textbox 1. Themes identified in interviews with survivors with head and neck cancer and their caregivers.

Nutritional challenges were expected but extremely frustrating with weight loss and disrupted intake caused by texture/taste, swallowing,
dry mouth and sticky saliva concerns

Exemplary survivor quotes:

• Well, the issue for me is that, I mean I couldn't taste food and water tasted really weird. So I basically ate because I knew I was supposed to. Not
because I enjoyed it.

• [My wife] said, “Baby, please eat, eat something.” Cause I mean, I'm doing my best...I'm trying, I'm trying, I'm trying, and I'm trying but I wish
I could just eat something.

• Peg tube blockages [happened because] protein powder didn’t dissolve well, gurgling, irritation. Part of lining of my wound started sticking out
and ached. After hospital discharge, I was given a nutrient solution from a medical supply company and then had diarrhea, night sweats, and
projectile vomiting. Lost 26 pounds.

Exemplary caregiver quotes:

• I kept weighing him and you know in the back of your mind you know that losing weight is a sign of cancer and you really, in your mind you
know it's gone, you think it's gone. But there's that worry that maybe it's not really gone and that's why his weight is still going down. So that
really confused me about his weight.

• But what bothered me was that he won't eat or couldn't eat and he lost a lot of weight. He looked terrible, and he didn't have energy. I didn't know
what to fix when we get home. I tried to do mostly liquid stuff but there's only so much liquid stuff you can do. The thing is, they had pulled all
of his molars before the surgery, because they figure if he had a radiation, it would have to have his teeth fit. Well, with no teeth, you can't chew.

• It did affect him quickly and he dropped the weight like a ton of bricks. It was a challenge to get anything down him and it was like I wanted to
do things on his schedule but it was just really, really difficult. We tried this and we tried that and we tried you know, tried several different
things.

Other competing symptoms were common and difficult to separate from nutritional challenges

Exemplary survivor quotes:

• Well, the pain had a lot to do with that. Your neck, shoulders, arms and hands are in lots of pain and discomfort.

• When I finished everything, I think the last two weeks for me were the worst, where the radiation had really taken on where it had in my jaw
because I could probably open my mouth the width of my finger.

• I had two really bad sores in my mouth that didn't make it fun to eat anything. When I started again occasionally, I would get some irritation
from eating crunchy foods.

• I couldn't raise my arms up above my shoulders… I think my taste was coming back and the physical therapy really, I mean, that really turned
me around. I started feeling a lot better. They really rehabbed my shoulders.

Exemplary caregiver quotes:

• And the sores that was on his neck kind of bothered me. Some nights he couldn't sleep normally. You know, you just go to sleep but he couldn't.

• It was more helplessness than anything. There's not anything you can do for him. You can't force him to eat because the pain was there.

• His stomach was upset a lot. After the radiation was over for a period of time after the radiation was over. It was just miserable. And also he is
having [GI] issues.

• But as far as some of the other issues as far as being nauseous, we had to deal with that. The doctor gave her medicines for that, another big one
is constipation. Oh, that one is a tough one.

Emotional challenges related to nutrition and recovery were common

Exemplary survivor quotes:

• Oh, yeah, confused, I mean the cancer just takes the world, just takes a lot out of yourself and I wondered if I'm going back to work and how I'm
going to feel at the end of the day, for how long I would be able to see my brand new granddaughter.

• I'm still at the point where anything - I'm still afraid…because you know I still do have a lump down there, I know every time I swallow my
saliva I know it’s there and I can feel it and it's - that's one thing that's always going back of my mind.

• Emotionally, I was depressed especially after the radiation specifically. Physically, I couldn't swallow. I couldn't eat. It was the most egregious
treatment I ever had my life and if I knew what the outcome was going to be I would have never done it.

Exemplary caregiver quotes:

• I was with her through her depression. I think, I was depressed along with her. Seeing my mother not being able to eat or any of that and on
Sundays we have Sunday dinners at her house so, we went ooh, about a good two, three months without having Sunday dinner at mom's unless
one of us had to go over and cook.

•
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Depression lingered, it's always in the back of your mind - is it coming back? Or did they get it all? Or those kinds of things and then what's
going to be next?

• At the end of treatment I was a basket case. I checked on him constantly when he slept.

Caregivers take on a diverse set of medical and support tasks

Exemplary survivor quotes:

• Well my wife made up a chart and we had everything, I want to say laminated, definitely a plastic cover over it which was a good thing. We had
it all laid out there [to monitor intake].

• But I mean-- patience. Because we're going to fight back, not meaning to be mean. But we're hurting. We're just trying to get back—we’re trying
to get better. I would just say, frustration. That'd be a better word. Because it is frustrating. And you seem to take it out on the ones you love the
most.

• I know I relied on them a lot to get me and to help me get to the tub, to get me out of the tub. At that time, it wasn't easy. If I was this big, they
wouldn't have been-- it would take a couple of them.

Exemplary caregiver quotes:

• I went to the grocery store and I just went up and down the aisle trying to find something that he could eat.

• You wouldn’t believe what I’ve learned to do from the last year. Changing IV’s. Trained to do those things. There’s nothing I wouldn’t do for
him anyway, but I was nervous I would maybe do something wrong and harm him accidentally.

• Knowing that he's like a glass half empty kind of guy, I tried to keep everything - I didn't... not that I didn't think about it, but I just kept thinking
positive. That they got it all.

• You need someone who have their best interest at heart. There's times that she's not in her right state of mind with everything that is going on
so, we go to these doctor’s appointments or we go to certain things, you have to have someone that is there that's going to ask the doctors the
question.

Caregivers need information about what to expect with nutritional challenges and recovery

Exemplary survivor quotes:

• [My caregiver] was given a calorie intake document for a day and that was what we're trying to keep at, but there's no real specifics given us -
as to how we should accomplish that.

• Yeah, I think seeing a nutritionist would have been a plus. That was never approached to us. Maybe while I was in the hospital. Given some kind
of program to try to keep certain calories or what kind of foods and how to build up to.

• I think that we should have been counseled about … a feeding tube. There was no plan. There was no nutritional plan. So, full disclosure and a
plan to support that disclosure would have been great. And early on in the planning – you need it in the treatment planning phase.

Exemplary caregiver quotes:

• It would be nice to have a list of do's and don'ts, a list of things that have worked for patients in the past like, you know. Puddings, Jell-O's, more
common-sense and anything but having a list would be really nice when you're in a grocery store and going, okay, he's gonna need blank, blank,
blank and blank.

• Well, I think they should give you a folder with all the instructions for about everything. Nutrition, food to eat, everything that needs to be done
on our way. Or even we didn't know you had to have this port flushed.

• Okay, I think what could be helpful...it seems to me, if somebody can be pre-briefed as to what difficulties they may have with the-- like the
chewing aspects and the saliva aspects, and what things that people have found in general that might be worth avoiding, that would be a helpful
thing.

Theme 1: Nutritional Challenges Were Expected but
Extremely Frustrating With Weight Loss and Disrupted
Intake Caused by Texture or Taste, Swallowing, Dry Mouth,
and Sticky Saliva Concerns

Both survivors and caregivers reported an array of nutritional
challenges at the end of treatment that required special diets
and feeding tubes. With challenges in swallowing, texture, and
taste during recovery, dyads reported difficulty finding diets
that were satisfying and tolerable, and often caregivers
experienced distress in encouraging their loved ones to eat.
Shopping, cooking, and communicating and negotiating with
one’s loved one around intake were also commonly reported

challenges. Weight loss was reported by all survivors and caused
significant distress, particularly in caregivers. The routine around
feeding was reported to be very tedious.

Theme 2: Other Competing Symptoms Were Difficult to
Separate From Nutritional Challenges

Survivors experienced many symptoms in addition to and related
to nutritional concerns. For example, participants reported
fatigue, mobility challenges, nausea, sores, and pain, and
recovery challenges that often exacerbated nutritional and
caregiving concerns. The array of symptoms caused frustration
in survivors and worry in caregivers.
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Theme 3: Emotional Challenges Related to Nutrition and
Recovery Were Common

The emotional challenges faced by survivors and caregivers
included frustration, fear, uncertainty, confusion, and depression.
They reported frustration associated with eating challenges and
the persistent focus on feeding and symptom management. Some
participants reported worry and fear about survivors not
regaining functional abilities. Relatedly, confusion and
uncertainty about the future were commonly described by both
survivors and caregivers. Caregivers expressed fear about weight
loss and choking, as well as their ability to care for their loved
ones. Both survivors and caregivers reported depression and
other psychosocial concerns, and both also emphasized the
importance of caregiver well-being.

Theme 4: Caregivers Take on a Diverse Set of Medical and
Support Tasks After Treatment Completion

Caregivers focused on practical, nutritional, and emotional
support tasks. Common practical tasks included providing
transportation to and attending health care appointments, helping
a loved one get around, and managing medications and stoma
and IV care. Common nutritional support tasks included
monitoring weight loss and intake, grocery shopping,
researching recipes, preparing meals, and caring for feeding
tubes. Emotional support tasks included supporting survivors’
frustration with recovery and nutritional challenges and trying
to keep a positive attitude. It was common for caregivers to
report distress about support challenges, and they sometimes
faced resistance from their loved ones around eating. Caregivers
described a dynamic process of being persistent, creative, and
patient.

Theme 5: Caregivers Need Information and Resources
About What to Expect and How to Cope With Nutritional
Challenges

Caregivers described feeling unprepared to support nutritional
recovery and said they would have benefited from additional
resources and support at the end of treatment. They emphasized
the importance of early education during the treatment planning
process to provide a better understanding of what to expect,
resources and tools to support food preparation, and tips to help
monitor intake. Survivors and caregivers both highlighted
interest in meeting with a dietitian, yet also raised concerns
about information overload.

Caregiver Needs and App Recommendations to
Support Caregivers
Dietitians endorsed caregivers’ time constraints (100/116, 86%)
and caregivers being overwhelmed (102/116, 88%) as major
barriers to meeting caregivers’ needs. They also endorsed
oncology clinics lacking designated staff to coordinate caregiver
resources (70/116, 60%), higher priority care issues (n=72/116,
62%), and clinical team time constraints (n=70/116, 60%) as
barriers. In light of unmet needs and to better support caregivers’
provision of quality nutritional support to survivors with HNC,
dietitians rated the importance of a variety of services and
resources. While all 8 proposed services were rated by the
majority (≥60%) of dietitians as very or extremely important,
the highest ranked services or resources included a clinic referral

process to link caregivers to appropriate nutritional resources
(104/116, 90%), educational materials about diet (92/116, 79%),
one-on-one counseling about nutrition (103/116, 89%), and
training in nutritional support and symptom management
(90/116, 78%).

Dietitians’ responses to an open-ended question after reviewing
example app screens yielded suggestions for new app content,
including recipe recommendations, intake tracker,
encouragement about caregiving tasks, and support for the
caregiver’s own well-being. Exemplary quotes include:

Caregivers want recipes! Tips for sore mouths,
mucositis and dry mouth ... trouble-shooting enteral
tube issues, constipation tips.

Specific tips on adding high-calorie foods for weight
maintenance (low in acid, soft/liquid). Same for high
protein foods for tissue healing and muscle mass
maintenance/recovery. Tips for frequent eating until
appetite improves or side effects diminish (nausea,
early satiety).

Having exercises listed that can maintain muscle
strength would be great. Also, a tracking device for
the number of tube feedings completed and fluid
intake would be helpful.

It is important for the caregiver to have one set
number to call for info. So many times, they try to get
info from the internet which isn’t always helpful.

Support for caregivers themselves knowing they are
not alone and such a big part of success moving
forward.

Survivors and caregivers’survey responses indicated that dyads
were in strong agreement that checking in with caregivers after
survivors complete treatment (12/15, 80% and 9/11, 82%,
respectively) and providing support messages to caregivers
(11/15, 73%, and 10/11, 91%, respectively) would be helpful.
In addition, dyads were in strong agreement that it is important
to provide practical information to caregivers to help survivors’
nutritional recovery (15/15, 100%, and 10/11, 91%,
respectively).

Feedback from dyads’ responses to open-ended questions after
reviewing example app screens included keeping the content
simple, providing tips about what foods to avoid, providing
recipes and dynamic nutrition information as needs change,
including tips from other survivors with HNC and caregivers,
and emphasizing support for caregiver well-being and self-care.
Examples of exemplary quotes include:

This is like your personal resource right here at your
fingertips - you’re not alone. Let them know you’re
here if they need you. Simplicity is important.
[Caregiver]

Provide more advice about foods you can eat and
problems with specific types of food groups…practical
information with step-by-step directions. Food
suggestions based on symptoms. [Survivor]
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Prepare caregivers for the possibility that the patient
may not like the same dishes caregivers prepared
before and not to take this personally. [Caregiver]

Encourage caregivers to ask for support from others:
Doesn’t mean you’re less of a person [if you ask for
help]. You need all the help you can get and a lot of
the time you don’t want to ask for it. [Caregiver]

It is important to ask about how the caregiver is
doing; I feel guilty for not asking how she was doing.
In general, we are in the dark; anything that brings
some light into the room is helpful. [Survivor]

Data Synthesis: App Development
Building on results from all surveys and interviews underscoring
the high need and interest in a comprehensive caregiver app,
we designed the Healthy Eating and Recovery Together
(HEART) app. The overall goal of the app was to support
caregivers of survivors with HNC as they transition to the home
setting after completing treatment and decrease their unmet
needs and caregiver burden. The study investigators evaluated
qualitative themes from dyad interviews side by side with
quantitative themes observed in dietitian and dyad surveys.

Team meetings were used to identify similarities in themes that
were translated to high-priority main menu domains and
subdomains for the app. The integration of survey and
qualitative data resulted in an expansion of the findings, as the
qualitative themes provided a detailed understanding of
quantitative findings about caregivers’ unmet needs and
responsibilities as caregivers. The research team worked closely
with the development team to review and test evolving
prototypes, and a final prototype was pretested with 2 caregivers.
The app was updated with feedback over the course of these
steps (eg, we updated icons, modified menu choices, added
instructions to components, reordered messages, and modified
color choices). HEART includes educational information,
caregiving tips and encouragement, and resources, with 4
elements, including survivor nutritional support, intake tracker,
caregiver toolkit, and support videos (Table 1 provides more
detailed descriptions and sample screenshots). The app also
provides caregivers with notifications twice a week to check in
with them about their concerns and deliver real-time resources
mapped to current concerns. Two main areas in the app’s content
included a focus on survivor-caregiver teamwork and support
of caregivers’ own well-being.

Table . Content of the HEARTa app.

ScreenshotResults guiding contentContentApp section

A need for coverage of a broad array
of topics to support the dynamic
nutritional recovery process with
content on common issues, recipes,
and oral care support.

Tips and encouragement for support-
ing a loved one with nutritional in-
take

Nutritional support

Caregivers experience distress in
monitoring intake and need a sim-
ple, convenient way to support
monitoring.

Supports tracking of feeding tube,
liquid diet, and solid food in real
time to monitor quantity, tolerabili-
ty, and preferences, with the ability
to share the intake journal with oth-
ers.

Intake trackers

Caregivers feel unprepared for their
roles as caregivers and face signifi-
cant burdens, often overlooking
their own well-being.

Emphasis on caregiving tasks and
how caregivers can take care of their
own physical and emotional well-
being with tips and relaxation tech-
niques

Caregiver toolkit

Interest in social support and in-
creased interaction with dietitians
and other survivors and caregivers.

Survivor, caregiver, and clinician
videos to support nutritional recov-
ery and well-being

Support videos

Participants desire real-time connec-
tions and resources that are dynami-
cally matched to their changing
needs during recovery and caregiv-
ing.

Stores biweekly prompts and tai-
lored resources

My resources

aHEART: Healthy Eating and Recovery Together.

Discussion

Principal Results
Survivors with HNC and their caregivers face exceptionally
difficult posttreatment concerns that negatively impact their
quality of life [28,59-61]. Caregivers are often tasked with
addressing survivors’nutritional challenges in the home setting,
yet many are unprepared for these caregiving tasks [20,24].

Getting adequate nutritional intake, maintaining a healthy
weight, and managing physical symptoms and emotional distress
are imperative for survivors of HNC during the posttreatment
period; yet, there is a paucity of tools available to support
survivors and their caregivers in meeting these goals [31,32].
This study addressed this important survivorship care gap,
specifically the availability and accessibility of high-quality
interventions to support nutritional caregiving. Recognizing the
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value of stakeholder input in intervention development [62-64],
we used mixed methods to assess the perspectives of survivors,
and then also used responses from caregivers and oncology
dietitians to guide the development of an app to support
caregivers at the end of treatment. Previous studies have
emphasized the acceptability of apps for cancer caregivers while
also calling for more formative research to ensure their
suitability [43,44,65,66]. While we intended to focus this tool
on nutritional caregiving support, study results led to a more
comprehensive product focused on nutrition and other survivor
recovery concerns, plus caregiver self-care. The final HEART
app includes nutrition support with an intake tracker, along with
tips and encouragement for other caregiving areas (daily support,
emotional support, and medical support), support videos from
peers and clinicians, and a caregiver toolkit (taking care of
yourself and relaxation exercises).

To guide app development, dietitians provided their perspectives
on caring for and supporting HNC dyads. They endorsed a broad
array of important nutritional concerns for HNC caregiving,
including swallowing, feeding tube management, weight
maintenance, and caregiver distress about nutrition. They also
perceived that there were multiple nutritional care tasks that
were important to survivors’ recovery, including monitoring
nutrition, making care decisions, and working together with
their survivors as a team to manage nutritional concerns. While
most dietitians did not rate these care tasks as extremely difficult
for caregivers to manage, the number of tasks endorsed was
substantial, and the importance to survivors’ recovery was rated
highly, indicating that an app intervention would likely need to
be complex and cover a comprehensive set of nutritional
concerns. These results suggest that an app should help
caregivers be flexible and skilled in multiple nutritional care
tasks. Additionally, dietitians’ perceptions regarding potential
survivor-caregiver mismatch on nutritional goals were consistent
with previous studies [18,26], which may suggest that a focus
on teamwork in dyads would be beneficial in an app [67,68].

HNC survivor-caregiver dyads in this study confirmed the
challenges reported by dietitians in both surveys and interviews.
First, survey results highlighted similar nutritional caregiving
concerns after treatment in survivors, caregivers, and dietitians.
Second, interviews confirmed the types of nutritional challenges
experienced and the emotional toll they take on dyads, consistent
with previous studies [5,6,69,70]. Results also highlighted that
nutritional caregiving tasks were compounded by other
competing HNC recovery concerns (eg, support for pain,
mobility, pain, fatigue, and emotional challenges); it was
difficult for caregivers to focus on nutrition without considering
these additional concerns. As highlighted in previous research,
caregivers take on a multitude of caregiving tasks and need
resources matched to these responsibilities [14,19,20], again
supporting the coverage of a broad array of HNC caregiving
[20] content in an app.

Dietitians also endorsed high barriers to meeting caregiver
needs, including clinician time constraints and a lack of
designated staff to coordinate resources. While increasing
research has prioritized interventions to meet caregiver needs
[31,71], cancer care settings are not adequately resourced to
address their needs [72,73]. Technology tools such as the

HEART app may be a promising approach to address these
barriers and complement other interventions to support
caregivers [39,74]. Dietitians in this study endorsed a broad
variety of strategies and content to include in an app to support
caregivers. Dietitians tended to prefer high-resource strategies
for inclusion in an app, such as intake tracking, training,
screening processes, educational resources, and counseling.
Survivors and caregivers confirmed interest in an app for
caregivers with check-ins, support, and practical tips. Both
dietitians and dyads recommended the provision of recipes and
support for caregivers’ own well-being. Dietitians uniquely
recommended an intake tracker, while dyads uniquely
recommended tips from peers.

While mobile health intervention development and testing to
support caregivers of people with cancer is growing and shows
evidence of promising acceptability, adherence, and some
improvements in short-term outcomes such as caregiver burden
[41-43,45,65,75,76], more research is needed in this area to
better understand caregiver adoption and engagement in these
interventions, impacts on caregiver psychosocial and health
outcomes, and best practices for disseminating such intervention
in practice using rigorous methods. Of key importance, few
studies have focused on HNC caregiving and nutritional support.
Apps to support caregivers of people with HNC also have the
potential for supporting and addressing HNC dietitian time
constraints by supporting their recommendations outside of the
clinic; more research is needed in this area.

Strengths and Limitations
The strengths of this study include its mixed methods approach
with data collection from multiple perspectives, including those
who had experienced HNC recovery, served as an HNC
caregiver after treatment, and provided clinical care for HNC
survivor-caregiver dyads. The integration of survey data and
qualitative data allowed for the examination of similarities and
unique findings across qualitative and quantitative themes,
ultimately allowing a deeper understanding of perspectives to
guide the HEART app. Dietitians were recruited from across
the United States, and qualitative interviews with dyads were
used to supplement surveys and provide a more in-depth
understanding of survey results. The app’s focus on nutritional
support, particularly after the end of treatment, is innovative
and would help address an area of major concern for HNC
providers, survivors, and caregivers. In the context of changing
digital health use patterns over time, it is important to note that
an important limitation of this study is that the data were
collected in 2018. However, it is notable that digital health use
and engagement rates have increased over time, and this
expanded reach and growing societal acceptance of these tools
are therefore encouraging [77]. Other limitations of this study
include recruitment of dyads from only one medical center,
recruitment of a convenience sample of dieticians, and a modest
sample size for interviews, all of which limit the transferability
of findings. In addition, we experienced a lack of diversity in
clinical and sociodemographic factors for surveys and
interviews. We selected a parallel convergent approach for data
collection and analysis and followed with an integration
approach (merging) to synthesize our mixed methods data; while
a sequential approach may have allowed more iterative app
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development and testing, this approach was selected to facilitate
rapid technology development.

Conclusions
In summary, this study identified the optimal content for a
mobile support app for caregivers of people with HNC and

supported the acceptability of implementing this intervention
at the end of treatment. Future steps include evaluating the
implementation of the HEART app and its impact on survivor
and caregiver outcomes. It will be important for a future study
to rigorously test the HEART app in a prospective clinical trial.
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Abstract

Background: Due to multifaceted outpatient regimens, children receiving hematopoietic stem cell transplants (HCTs) are at
high risk of medication nonadherence, leading to life-threatening complications. Mobile health (mHealth) interventions have
proven effective in improving adherence in various pediatric conditions; however, adherence intervention literature on HCT is
limited.

Objective: This study aimed to assess the usability of a mHealth intervention (BMT4me) designed to serve as a real-time,
personalized tool for medication management or adherence, symptom tracking, and journal keeping.

Methods: Following a mixed methods approach, 14 caregivers (n=11, 79% female; n=10, 71% White) of children aged 2‐18
(mean age 8.51, SD 5.18) years in the acute phase (first 100 d) post-HCT were recruited. Caregivers were asked to use the
BMT4me app for 100 days or until weaning of the immunosuppressant medications to measure usability. The System Usability
Scale (assessing functionality and acceptability), reaction cards (assessing desirability), caregiver satisfaction (assessing satisfaction)
with the app, and semistructured interviews (assessing participant experience using the app and feedback regarding features)
were conducted at two time points, at enrollment and study completion.

Results: The mean System Usability Scale score was 86.15 (SD 12.81) at enrollment and 73.13 (SD 16.13) at study completion,
with most participants reporting the app easy to use and accepable during both time points. At enrollment, 80% (n=12) of caregivers
reported that the app was effective in motivating them to stay on schedule, and 87% (n=13) indicated they would recommend it
to others. At study completion, 75% (n=6) of caregivers found the app helpful for tracking their child’s medication schedule, and
64% (n=5) would recommend it to others. Caregivers described the app as “accessible,” “useful,” and “valuable.” Qualitative
interviews during both time points revealed caregivers’ positive reactions to the app, particularly regarding medication reminders,
tracking symptoms, and notes features, while also providing suggestions for improvements, such as integrating the BMT4me app
with electronic medical records, incorporating educational content, adding fields for recording vital signs, and important phone
numbers.

Conclusions: The BMT4me app demonstrated promising usability as a mHealth intervention among pediatric patients undergoing
HCT. Caregivers considered the app user-friendly and valuable, with positive feedback on its features, such as medication
reminders and symptom tracking. Despite minor reported issues with app functionality, the overall acceptance of the app suggests
its potential to support families in managing complex treatment. The findings from this study will inform the feasibility of testing
in larger randomized controlled trials.

Trial Registration: ClinicalTrials.gov NCT04976933; https://clinicaltrials.gov/ct2/show/NCT04976933

International Registered Report Identifier (IRRID): RR2-10.2196/39098

(JMIR Cancer 2025;11:e66847)   doi:10.2196/66847
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Introduction

Pediatric hematopoietic stem cell transplants (HCTs) are an
intensive life-saving treatment for several malignant and
nonmalignant disorders [1]. However, HCT often requires a
long hospital stay that is stressful for the children and their
caregivers [2]. Symptom and medication management are
important components of the HCT experience, and it is critical
for caregivers to adhere to recommendations and communicate
with the care team [3]. After discharge, caregivers must follow
complex medication regimens with various dosages and frequent
dose adjustments, increasing the risk for nonadherence [4,5].
In the pediatric HCT population, 52% to 73% [2,6,7] of patients
do not take medications as they are prescribed during the
treatment course. Therefore, medication adherence is a primary
concern for health care providers and caregivers after pediatric
HCT [8,9]. Many factors impact medication adherence rates,
including patient-related factors, forgetfulness, therapy
side-effects, complexity and length of treatment, and route of
administration [10-13]. Although medication adherence in
pediatric HCT is understudied and interventions are limited,
research in other pediatric chronic conditions has demonstrated
the potential of mobile health (mHealth) interventions in
improving medication adherence [14-16].

As smartphones become nearly ubiquitous in daily life, mHealth
interventions can improve families’ ability to manage their
child’s medical care [17,18]. Recent estimates show that over
5 billion people have access to mobile phone services around
the world [18]. Additionally, a study of adults with chronic
diseases suggests that mobile apps as mHealth intervention tools
are more effective for improving medication adherence than
non-mHealth interventions [19]. mHealth interventions have
resulted in better clinical outcomes (eg, increase in health-related
quality of life, symptom management, and decrease in
readmissions and treatment anxiety) [20-22] through behavior
change and enhancement of adherence to treatment [23-25].
mHealth interventions allow individuals and caregivers to track
medication doses and symptoms, make notes of discussion
points with their health care team, and find educational resources
and support networks [26-29]. However, such interventions
have yet to be tested to promote medication adherence among
children in the acute phase post-HCT (ie, hospital discharge to
day 100) [30].

This paper reports a longitudinal mixed methods pilot study
examining the usability of a mHealth intervention (BMT4me)
with caregivers of children in the acute phase following HCT.
This intervention helps caregivers to record and track their
child’s medications, set reminders, report symptoms, and take
notes on their child’s progress. The goal is to inform future
refinement of the intervention, a feasibility trial, and a pilot
randomized controlled trial examining efficacy.

Methods

Study Design
Data are from a longitudinal mixed methods study to assess the
usability of a newly developed mHealth intervention for
pediatric post-HCT medication management. The study was
conducted at a large Midwestern children’s hospital from
September 2021 to January 2023. Eligible caregivers were
identified from the HCT clinic schedule and inpatient HCT unit
based on the following eligibility criteria: (1) English-speaking,
(2) 18 years of age or older, (3) having a child between 2 and
18 years of age undergoing allogeneic HCT, and (4) having a
smartphone (either Android or iPhone) at recruitment and during
the study period. All 20 caregivers of children who received
HCT during the study period and met the eligibility criteria
were approached for participation. A total of 15 caregivers
consented to participate in the study, while 5 caregivers declined
due to reasons including being busy with caring for the child
and not being comfortable using the apps in general. One
caregiver withdrew after initial consenting, resulting in a final
cohort of 14 caregivers.

Ethical Considerations
The study was approved by the Nationwide Children’s Hospital
Institutional Review Board (approval STUDY00000910) and
was designed in accordance with the ethical standards laid out
by the Declaration of Helsinki. Eligible interested participants
provided informed consent prior to enrollment and were
assigned ID numbers for confidentiality. Recordings of
qualitative interviews were destroyed after completion of the
transcription, and identifying information in the transcripts was
removed. All participant information has been anonymized in
this paper, including the text, tables, and figures. Upon
completion of the study, all participants received a US $20 gift
card as compensation.

Measures

Demographic Data Form
Caregivers self-reported the child’s and their own background
characteristics, including age, sex, race, ethnicity, education
level, and family income at the time of study enrollment.

System Usability Scale
Caregivers rated 10 items on a 5-point Likert scale to evaluate
the functionality and acceptability of the BMT4me app. Total
scores range from 0 to 100, with scores >68% considered above
average [31]. Internal consistency (Cronbach α=0.91) and
convergent validity (r=0.81 with a 7-point scale of
“user-friendliness”) have been well established [32,33].
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Caregiver Satisfaction
Investigators developed a 9-item survey to obtain feedback
regarding caregiver app use, benefits, burdens, barriers,
suggested modifications, and overall satisfaction. Questions
were rated on a 1 to 4 scale, with higher total scores indicating
greater caregiver satisfaction.

Reaction Card
Reaction cards were developed by Microsoft as part of a
“desirability toolkit” to elicit immediate reactions, thoughts, or
opinions from individuals regarding a particular tool or
technology [34]. Using a reaction card of 55 listed words,
caregivers provided feedback on the desirability of the BMT4me
app. The words and the number of times they were chosen were
summarized to indicate the overall attitude toward the app.
Higher frequencies of positive words indicated greater usability,
while higher frequencies of negative words indicated lower
usability [35].

Qualitative Interview
Qualitative nterview guides were developed using a combination
of literature review, expert consultation, and pilot testing to

ensure relevance and clarity. Questions were designed to elicit
in-depth perspectives on key study themes while allowing for
flexibility in participant responses. A semistructured format
was used to balance consistency across interviews, with the
opportunity for participants to elaborate. The semistructured
interviews were transcribed verbatim and analyzed using NVivo
software (QSR International).

BMT4me App
The development of the BMT4me app (Figures 1 and 2)
followed a user-centered, multiphase iterative approach. This
method actively involved patients, caregivers, and health care
providers at every stage of the app’s creation. Initially, a
wireframe (Figure 1) was designed, serving as a simple visual
representation of the app’s structure and content [36].

Feedback was then collected from caregiver and child dyads,
which informed the creation of the BMT4me app prototype
(Figure 2). Afterward, health care providers assessed the
prototype, and feedback led to further refinement of the app.

Figure 1. Version 1 of mobile health app wireframes.
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Figure 2. Revised BMT4me app prototype.

The BMT4me app was developed for both iOS and Android
devices as a real-time, personalized medication management or
adherence tool, and to track medication, symptoms, and side
effects. Medications, doses, and schedules can be manually
typed into the app by the user or entered using the image-to-text
feature, which converts the medication label into text. Through
pop-up notifications, the BMT4me app reminds caregivers of
the medication doses and schedule, while also recording the
time medication was taken and reasons for missed doses.
Symptom ratings are represented by emojis on a slider scale of
1 to 10. Additional features include a note section to upload
pictures and for recording any details of care to communicate
with the provider. In the case of shared caregiver responsibility,
the app can be installed on separate devices using the same
sign-in code to sync information in real-time between caregivers.
Amazon Web Services were used for data storage and app
database management.

Procedures
If eligible, recruitment occurred either before or on the day of
the child’s discharge following HCT or at the first HCT clinic
visit postdischarge. Trained research staff introduced the study,
and interested caregivers provided written informed consent
prior to participation.

To facilitate app login and use, participants received a unique
QR code for activating the BMT4me app on their smartphones,
and the research team helped with installation. Understanding
and engagement with the app were evaluated in the following
steps (further explained in [37]).

Step 1: Unobtrusive Observation to Measure the
Intuitiveness of the Interface (10‐15 Min)

Ease of Navigation

This was how quickly and accurately participants were able to
find features and complete tasks, as well as any moments of
hesitation or confusion when navigating the menu and buttons.

Task completion

This was how quickly and accurately participants found features
or completed tasks such as inputting medications, symptoms,
or notes.

Error frequency

This included mistakes made while interacting with the app,
such as tapping the wrong button or misunderstanding the
instructions.

Flow and Progression

This was how naturally participants moved through the app
interface without guidance.

Caregivers were encouraged to interact with the app
independently, without guidance from the study staff, to evaluate
the intuitiveness of the app’s interface. During this phase,
research staff observed and recorded participant progress related
to the other steps described below.

Step 2: Interactive Observation (10‐15 Min)
After observing independent app use, the research team started
to interrupt the participants and ask questions regarding observed
cues. Caregivers were encouraged to share their thoughts and
criticisms of the app. The discussion was based on individual
participant cues, and preprescribed questions were not possible.
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Step 3: Debriefing (15‐20 Min)
Caregivers were asked to share their experience with the app,
including the app’s interface and content, as well as thoughts
on incorporating the app into their daily routine. Feedback
regarding the strengths and weaknesses of the app was also
collected.

Step 4: Passive Use Observation
To ensure caregivers understood the app, research staff provided
a detailed introduction, answered participant questions, and had
the caregivers practice adding medications and tracking
symptoms. Participants were invited to continue using the
BMT4me app at home for 100 days or until the child had been
weaned off the immunosuppressant medications. Participants’
passive use data on app use and phone activity was digitally
logged

Caregivers then evaluated the usability of the BMT4me app at
the beginning and end of the study, using the System Usability
Scale (SUS), Caregiver Satisfaction, and Reaction Card
assessments. SUS, Caregiver Satisfaction, and Reaction cards
were completed after participants independently interacted with
the app for 5‐10 minutes during enrollment. Participants
completed enrollment measures in the hospital prior to
discharge, and they had an option to complete them either
electronically via REDCap (Research Electronic Data Capture;
Vanderbilt University) on a study iPad or using paper and pencil.
Exit measures were completed electronically, where participants
were emailed the survey link. Participants were invited to
continue using the BMT4me app at home in the acute phase
post-HCT (100 d or until the child had been weaned off the
immunosuppressant medications) because the risk of
nonadherence and complications such as GVHD is highest
during that time. The BMT4me app collected daily data on
medication-taking, the time medication was taken, reasons for
missed doses and barriers, symptoms, and notes. Passive use
data on phone activity and app use were digitally recorded and
sent to the research team by software developers each week.
During the study, research staff followed up with participants
weekly to provide technical app support if needed.

Upon completion of surveys, semistructured interviews were
also conducted in-person, both at the beginning and end of the
study, to explore app use experiences, helpful features,
suggestions for future improvements, and barriers encountered
while using the app at home. To schedule the interviews,
participants were contacted by research staff via phone call or
email. During their child’s clinic visit, semistructured interviews,
lasting approximately 15‐20 minutes, were conducted by
research staff trained in qualitative interview methods. The
study investigator conducted fidelity checks to ensure

consistency across the research staff’s qualitative interview
techniques. All interviews were audio-recorded for analysis.

Data Management and Analysis
Data cleaning and verification were completed using Excel
(Microsoft Corp), and the data were then analyzed using SPSS
software (version 26; IBM Corp). Descriptive statistics
(frequencies, means, and SDs) summarized quantitative data,
including demographic characteristics, BMT4me app activity,
and survey responses. During the passive observation period,
passive data modules recorded phone activity and caregivers’
app use (such as time, date, and duration of use). Descriptive
statistics were applied to analyze the phone activity, and
correlation analysis was conducted to examine use patterns over
time. Usability and acceptability of the BMT4me app were
assessed by averaging total scores from the SUS. The proportion
of participants who enrolled and completed the study was
examined to assess the feasibility of the intervention.

Semistructured interviews were transcribed verbatim for content
analysis and were organized and coded using NVivo software.
Initially, the study team read the transcripts to familiarize
themselves with the data. Afterward, the team generated an
initial list of codes to align with study questions, and later, the
codes were sorted to create a thematic framework. For
consistency and accuracy, themes and code groups were then
revised systematically by the team’s identified coders (MS, MK,
and Kathryn A Vannatta), and the thematic framework was
adjusted to reflect any changes. Once the review was complete,
final codes and themes were reviewed by the study’s principal
investigator (MS), and any disagreements were resolved through
consensus with the coding team. Finally, findings were
interpreted and reported in relation to existing literature.

Results

Participants
Initially, 15 caregivers were enrolled in the study (Table 1).
Among them, 10 (67%) were approached at discharge and 5
(33%) at the first BMT follow-up visit postdischarge. One
caregiver opted out after consenting for the study, and 2 were
lost to follow-up, one at week 2 and the other at week 3, both
due to transfer of care to another institution. Most caregivers
were female (n=11, 79%), White (n=10, 71%), non-Hispanic
(n=13, 93%), married (n=9, 64%), and had a college-level
education (n=8, 57%). More than half of caregivers reported an
annual family income of ≤US $75,000 (n=8, 57%). All
caregivers were biological parents of the children. The sample
of children was mostly male (n=10, 71%), White (n=10, 71%),
and non-Hispanic (n=13, 93%).
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Table . Caregiver and child demographic characteristics.

Value (n=14)Characteristics

Caregiver demographic characteristics

    Caregiver age, years

37.92 (7.62)        Mean (SD)

39.0 (25‐43)        Median (IQR)

    Sex, n (%)

3 (21)        Male

11 (79)Female

    Marital status, n (%)

1 (7)Single

9 (64)Married

1 (7)Divorced

3 (21)Separated

Highest grade of school completed, n (%)

8 (57)        College

2 (14)High school

1 (7)Graduate or professional

2 (14)Post-secondary high school (technical or trade school)

1 (7)Not reported

    Annual family income (US $), n (%)

3 (21)        Under 25,00

4 (29)25,001-50,000 per year

1 (7)50,001-75,000 per year

2 (14)75,001-100,000 per year

2 (14)100,001-150,000 per year

1 (7)150,001 or more

1 (7)Not reported

    Caregiver’s race, n (%)

1 (7)            Asian

3 (21)Black or African American

10 (71)White

    Caregiver’s ethnicity, n (%)

1 (7)        Hispanic or Latin

13 (93)Not Hispanic

    Caregiver’s device used, n (%)

11 (79)        iOS mobile phone

3 (21)Android mobile phone

Child demographic characteristics

    Child age (years)

8.51 (5.19)        Mean (SD)

7.98 (2.01‐11.36)        Median (IQR)

    Child’s sex, n (%)

10 (71)        Male
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Value (n=14)Characteristics

4 (29)Female

    Child’s race, n (%)

1 (7)        Asian

2 (14)Black or African American

1 (7)Other, please specify

10 (71)White

    Child’s ethnicity, n (%)

13 (93)        Non-Hispanic

1 (7)Not reported

    Child education, n (%)

1 (7)        Preschool

2 (14)Grade 1

1 (7)Grade 3

3 (21)Grade 4

2 (14)Grade 10

1 (7)Graduated high school

4 (29)Not reported

Usability

SUS
At enrollment, the average SUS score was 86.15 (SD 12.81),
and the median was 87.5 (IQR 62.5‐97.5). On individual items,

caregivers reported that the app was quick to learn (n=13, 93%),
they were confident using the app (n=11, 79%), the app was
easy to use (n=11, 79%) and that they would like to use the
BMT4me app (n=13, 93%; Figure 3).

Figure 3. Enrollment SUS survey responses from caregivers. SUS: System Usability Scale.

Caregiver Satisfaction
Participants reported that the BMT4me app was easy to use
(n=13, 87%) and effective in motivating them to stay on
schedule with medications (n=12, 80%). Most did not find it

time-consuming (n=12, 80%) or boring (n=13, 87%). Caregivers
indicated they would recommend the app to others (n=13, 87%)
and felt it helped them maintain their child’s medication
schedule in ways they could not have managed on their own
(n=10, 67%; Figure 4).
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Figure 4. Enrollment caregiver satisfaction survey responses.

Reaction Cards
Most caregivers expressed a positive reaction after their initial
use of the app with the top three endorsed reactions being the
app was accessible (n=11, 73%), useful (n=11, 73%), and easy
to use (n=10, 67%), which received the highest percentage of
responses (Multimedia Appendix 1).

SUS
At study completion, the mean SUS score was 73.13 (SD 16.13),
and the median was 75.0(IQR 50‐86.3). On individual items,
caregivers reported the app was quick to learn (n=7, 88%), they
were confident in using the app (n=6, 75%), app was easy to
use (n=6, 75%), and that features were well-integrated (n=5,
65%; Figure 5).

Figure 5. Exit SUS responses from caregivers. SUS: System Usability Scale.
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Caregiver Satisfaction
Caregivers reported that the app was helpful in keeping track
of their child’s medication schedule (n=6, 75%), while also

being good to use (n=6, 75%) and not boring (n=7, 88%). A
total of 6 caregivers indicated that they would recommend the
app to others (n=6, 75%; Figure 6).

Figure 6. Exit caregiver satisfaction survey responses.

Reaction Cards
After a few weeks of interaction with the app at home, most
caregivers expressed positive reactions to the app. The top three
endorsed reactions were accessible (n=7, 88%), useful (n=7,
88%), and valuable (n=7, 88%), which received the highest
percentage of responses (Multimedia Appendix 2).

Feasibility
Of the 14 caregivers who successfully installed the app, 7 (50%)
caregivers did not use the app after the initial sign-in, 2 (14%)
caregivers added their child’s regimen, and 5 (36%) caregivers
used the app for at least 1 week. In total, 2 (14%) caregivers
used the app for 1 week, while the other 3 (21%) caregivers
used the app until study weeks 2, 6, and 7, respectively (Figures
7 and 8).

Descriptive analyses were conducted for the app data
(Multimedia Appendix 3) . A total of 1579 app engagement
activities were recorded, of which 286 (18%) were for “loading
the app,” suggesting the number of times enrolled caregivers
either attempted logging in or opening the app. The “creating
a medication” feature, indicating medication entry into the app,
was used 172 (11%) times. The feature “create a dose” was used
552 (35%) times, reflecting the number of times a medication
was either entered or edited. A total of 100 (6%) responses were
registered for the “take-all-doses.” The “take-all-doses” feature
pertained to the number of times enrolled caregivers registered
on the app that their child took all their prescribed medications.
The note feature was used 24 (2%) times. Caregivers used the
app to enter their child’s symptoms 22 (1%) times. Four of the
enrolled caregivers used the note feature at least once.
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Figure 7. Weekly app engagement.
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Figure 8. Weekly app engagement by individual user.

Semistructured Interviews
Our qualitative analysis of both enrollment and exit
semistructured interviews found that medication reminders were
highly favored by 43% (n=6) of families, while recording side
effects and symptoms were reported by 21% (n=3) of
participants, and writing notes was favored by 14% (n=2).
Participants also suggested several new features for the app
(Table 2). Half of the families (n=7, 50%) recommended
integrating the app with electronic medical record (EMR) to
automatically add prescribed medications and appointments

and to allow providers to review app activity for pattern
identification. EMR is a secure member website that allows
patients to access their health information, view appointments,
medical test results, and medication therapies, and communicate
with their providers [38]. Additionally, 14% (n=2) of families
suggested including educational content about common
symptoms posttransplant and a search field for medications and
their uses. Another 14% (n=2) recommended a field for
recording vital signs, such as temperature and blood pressure.
Finally, 14% (n=2) proposed adding important contact numbers
such as pharmacies, providers, and support groups to the app.

Table . Features suggested by participants.

Value, n (%)Features families suggested

7 (50)Integrate with EMRa to automatically add prescribed medications and
appointments to the app, as well as allowing the provider to review app
activity to identify patterns.

2 (14)Including educational content such as frequently experienced symptoms
after transplant, and a field to look up medications and for what they are
used.

2 (14)A field for recording vitals such as fever and blood pressure on the app.

2 (14)Include important numbers in the app, such as pharmacy, provider, and
support groups.

aEMR: electronic medical record.

During the enrollment interviews, 3 key themes regarding
usability and features of the app were identified (Table 3). Ease
of use was the most frequently recurring theme. Participants
repeatedly highlighted the intuitive design, which made

navigation and operation simple, especially for those who were
less technologically skilled. Several participants remarked that
grandparents, who lack digital proficiency, could use the app
without any issues. Another significant theme was the app’s
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ability to keep families “on track” with medication schedules
and doses. Caregivers expressed enthusiasm for using the app
at home to manage a variety of medications and doses and record

symptoms. Participants appreciated the ability to mark off
administered medications and track notes, finding the digital
logging of all information in one place helpful.

Table . Participants' reflections on the use of the BMT4me app.

Quotes from exit interviewsQuotes from enrollment interviewsThemes identified from qualitative interviews

Easy to use •• “It was pretty easy to use. It’s pretty intu-
itive, I think. I think it’s easy to pick it up
and just start entering things, which is very
helpful. Like, it’s pretty straightforward.”
[ID 3]

“It’s very simple. Even if my mom had to
do that, I think it would be simple for her
to use it.” [ID 5]

• “It looks straightforward and easy to use.”
[ID 3]

• “It’s really pretty self-explanatory. So easy
usage which is always nice because if it’s
complicated, you kind of don’t want to deal
with it, you know, human nature kind of
thing.” [ID 11]

Keep us on track •• “I think having something to be able to keep
track of things for you is the number one
way to get to have success with them after
care because when I left the hospital, like
the first time after he had his treatment, I
was completely overwhelmed. It was like,
how am I going to keep track of all of this
stuff?” [ID 3]

“I think it’d be useful to help keep us on
track. Hopefully not forget any doses.” [ID
6]

• It seems like it could help to keep on
schedule and just like simple reminders of
what to do, certain things especially get put
and medications.” [ID 13]

• “It was nice because if you just didn’t real-
ize what time was, it would ring and kind
of let you know like, hey, it’s time to take
medications that so just getting into the
swing and kind of getting used to taking all
that medication too so.” [ID 2]

–aHelpful • “I think it would be helpful. You know, just
having it. To mark off you’ve taken it or
having the option to have notes to look back
on. Have it all on one place and you always
have your phone with you, so.” [ID 2]

• “Yeah, I mean, especially if she’s taking a
lot of meds I don’t remember, like knowing
like getting a reminder would probably help
you.” [ID 8]

–Technical difficulties • “The other thing I noticed that sometimes
it reminded me, sometimes it didn’t.” [ID
3]

• “It says symptoms recorded and it says what
time when the dose was taken at nine p.m.
But then you can go back and look, it says
it was given at eight p.m.” [ID 1]

–Nontech preferences • “You got a pencil and the journal, you know
I can easily, you know, erase. And I just
like to have everything in front of me on
one page. I’m a visual person and then like
going next to next page, you know?” [ID 5]

• “I have it in my head, I know what it is to
do, so I don’t really need it.” [ID 13]

aNot applicable.

Upon study completion, families reiterated the app’s ease of
use and its effectiveness in maintaining medication routines
(Table 3). Participants described the app as easy and
self-explanatory, allowing them to quickly enter information
and interact with it. They emphasized that simplicity was highly
desirable, as a complicated interface would deter use.

Additionally, participants noted that the app’s ability to help
them stay on track with medication regimens was helpful,
particularly when life’s demands could interfere with their
child’s medication schedule. However, new themes also emerged
during the exit interviews. One notable theme was technical
difficulties. Some families reported experiencing glitches or
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issues with the app’s functionality, which occasionally hindered
their ability to fully use the app. Another emerging theme was
a preference for nondigital methods. A subset of families
expressed a preference for traditional, paper-based methods of
managing health care routines. These participants indicated that
while the app offered useful features, they were more
comfortable with paper-based tracking and reminders.

Discussion

Principal Findings
The BMT4me app was developed in collaboration with health
care providers, caregivers, and patients to aid in medication
management, improve adherence monitoring, and track
symptoms or medication side effects in real-time [37]. This
pilot study aimed to evaluate the usability of the BMT4me app
among caregivers of children during the acute phase post-HCT.
The caregiver-reported mean SUS score of 73.13 (SD 16.13)
at study completion indicated a favorable perception among
caregivers, surpassing the threshold of 68 and demonstrating
above-average usability. Most caregivers found the app easy to
learn and use, with well-integrated features, fostering confidence
for independent use at home. These findings are consistent with
prior research emphasizing the significance of intuitive design
and user-friendly interfaces in mHealth apps [39,40].

The positive usability feedback suggests that the app’s design
and features were well-received, enhancing caregivers’
confidence in managing their child’s complex medication
regimen [41]. Engagement with the app generally depends on
user motivation, perceived value, and satisfaction. As
highlighted by Kim et al [42], technology must be both useful
and enjoyable, with perceived value and satisfaction stemming
from the overall user experience [42]. Caregiver satisfaction
emerges as a critical factor for sustainability. Similar to existing
literature, out of the participants who use the app regularly, the
satisfaction with the BMT4me app was high [43,44]. Most
caregivers in this study reported the app as helpful for tracking
their child’s medication schedule, finding it easy to use, and
expressing willingness to recommend it to others. These
sentiments were further echoed in qualitative interviews, with
caregivers affirming the app’s ease of use and effectiveness in
navigating their child’s post-HCT journey.

Current literature highlights a preference among users for
mHealth apps that allow communication with health care
providers [45]. This aligns with this study, where 50% (n=7)
of caregivers recommended integrating EMR with the BMT4me
app and including important contact numbers to facilitate easy
communication with health care providers through the app.
Including educational content in the mHealth apps has been
shown to be preferred among individuals with chronic illnesses
[46-48]. This trend was similarly observed in this study, with
14% (n=2) of our participants suggesting the inclusion of
information on frequently experienced symptoms after HCT,
along with details about medications and their uses.

While initial reactions to the app were positive, the sustainability
of long-term use among our sample was constrained. Several
caregivers stopped using the app beyond the initial sign-in phase,

highlighting potential barriers such as technical challenges, time
constraints, feeling overwhelmed, inconvenience, or perceived
lack of necessity. Identifying and addressing these barriers is
crucial for optimizing app design and implementation strategies
to foster sustained engagement among caregivers. Notably, a
significant proportion of participants used the app for the first
few weeks postdischarge, establishing medication-giving
routines before stopping the use. This suggests that the BMT4me
app may serve as a valuable resource in assisting families with
establishing medication administration habits, particularly during
the initial phase of treatment. Some caregivers also expressed
the potential value of the BMT4me app in the broader oncology
population and wished to have access to it earlier in their child’s
treatment journey. The app’s ability to accommodate the
transition from a simple to a complex medication regimen,
characterized by frequent changes in medications and dosages,
underscores its potential utility beyond the HCT context.

Caregiver feedback on the BMT4me app indicated a generally
positive experience from enrollment to study completion,
however, some areas showed declines. The mean SUS score
decreased from 86.15 to 73.13, reflecting a decrease in overall
usability satisfaction; nevertheless, it surpassed the 68% cut-off
for usability. Initially, 73% (n=11) of caregivers found the app
accessible and useful, and 67% (n=10) found it easy to use [31].
These ratings improved with continued interaction, with 88%
(n=7) later describing the app as accessible, useful, and valuable.
Caregiver satisfaction measure showed minimal change from
enrollment to completion, demonstrating high caregiver
satisfaction throughout the study.

Analyzing app engagement activities provided insights into
caregivers’ usability patterns and preferences. For instance,
some features demonstrated more active engagement than others,
such that creating and administering doses suggested active
engagement in medication management, while note-taking and
symptom tracking exhibited low utilization. Therefore, there
are potential areas for improvement to better address caregivers’
diverse needs and preferences. This observation aligns with
existing literature, which often highlights the importance of
user-centered design in health apps to enhance engagement and
adherence [49]. Studies have shown that while medication
management tools are frequently used due to their direct impact
on patient care, features like symptom tracking and note-taking
require more intuitive interfaces and clear benefits to encourage
consistent use. By addressing these gaps, developers can create
more effective and comprehensive health management tools
that cater to the varied needs of caregivers, ultimately improving
patient outcomes [23,50,51].

Overall, this study underscores the importance of user-centered
design with a mixed methods approach. By using multiple
methods of data collection and data sources, we gained an
in-depth understanding of patients with HCT and their families’
complex needs. The results suggest that while the BMT4me
app has significant potential, there are critical areas that require
attention for sustained engagement and effectiveness. Future
development should focus on overcoming technical challenges,
enhancing the perceived value of lesser-used features, and
ensuring the app remains a supportive tool throughout the entire
treatment journey. By addressing these gaps, the BMT4me app
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can be optimized to better meet the evolving needs of caregivers
and patients and improve their health outcomes and quality of
life.

Limitations
In addition, this study is not without limitations. First, the use
of a single pilot recruitment site may restrict the generalizability
of our findings. Although we included a diverse group of
children who received HCT at this institution, the small number
of caregivers may not represent the broader population. The
demographic characteristics of our caregiver (female, White,
and non-Hispanic) and child (male, White, and non-Hispanic)
cohorts are consistent with other studies in this population
[52-54]. However, while our cohort reflects the typical
demographics of the pediatric HCT population and their
caregivers, it is important to acknowledge that our results may
be limited in their broader generalizability. Future research
should aim to include a more diverse sample to ensure that
findings are relevant across different demographic groups.
Furthermore, our recruitment was limited to English-speaking
caregivers, due to the app only being available in English. Future
versions of the app should be developed in multiple languages
to allow for more inclusive recruitment and to examine the app’s
usability across diverse linguistic and cultural groups. Including
caregivers who speak other languages could have enriched the
diversity and applicability of our findings. Another limitation
is the variability in the timing of app distribution. Participants
received the app at different stages of their HCT journey, some
on the day of discharge and others after discharge. This

inconsistency could have influenced their established medication
routines, potentially affecting the outcomes such that participants
who were recruited after discharge were less likely to use the
app due to already having a system in place for medication
management. Additionally, technical issues with the app were
noted, which could have impacted the user experience and the
app’s usability and sustained engagement. Addressing these
barriers is crucial for optimizing the app’s design and ensuring
sustained use. Future improvements should focus on enhancing
technical stability, expanding user-centered features, and
increasing accessibility to diverse populations.

Conclusions
Despite these limitations, we demonstrated the usability of the
BMT4me app among caregivers of children undergoing HCT.
This study extends the literature by providing insights into
caregiver technology expectations and needs and highlights the
potential of mHealth tools to manage medication adherence at
home. Notably, 50% (n=7) of caregivers expressed that
integrating the app with EMR would be helpful, benefiting both
caregivers and health care providers by streamlining access to
medication-taking patterns and updating medication regimens.
Furthermore, there is potential to adapt this work for children
with other chronic conditions, extending the benefits of the
BMT4me app beyond the HCT context. The study findings
offer valuable insights into the feasibility of conducting a larger
randomized controlled trial, potentially leading to significant
improvements in adherence and clinical outcomes in children
post-HCT.
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Abstract

Background: Cytoreductive surgery combined with hyperthermic intraperitoneal chemotherapy (CRS-HIPEC) can improve
survival outcomes for individuals with gastrointestinal (GI) cancer and peritoneal disease (PD). Individuals with GI cancer and
PD receiving CRS-HIPEC are at increased risk for malnutrition. Despite the increased risk for malnutrition, there has been limited
study of nutritional interventions for individuals receiving CRS-HIPEC.

Objective: We aimed to test the feasibility, acceptability, and usability of Support Through Remote Observation and Nutrition
Guidance (STRONG), a multilevel digital health intervention to improve nutritional management among individuals with GI
cancer and PD receiving CRS-HIPEC. We also assessed patient-reported outcomes, including malnutrition risk, health-related
quality of life, and weight-related measures.

Methods: STRONG is a 12-week digital intervention in which participants received biweekly nutritional counseling with a
dietitian, logged food intake using a Fitbit tracker, and reported nutrition-related outcomes. Dietitians received access to a
web-based dashboard and remotely monitored patients’ reported food intake and nutrition-impact symptoms. Implementation
outcomes were assessed against prespecified benchmarks consistent with benchmarks used in prior studies. Changes in
patient-reported outcomes at baseline and follow-up were assessed using linear and ordered logistic regressions.

Results: Participants (N=10) had a median age of 57.5 (IQR 54-69) years. Feasibility benchmarks were achieved for recruitment
(10/17, 59% vs benchmark: 50%), study assessment completion (9/10, 90% vs benchmark: 60%), dietitian appointment attendance
(7/10, 70% vs benchmark: 60%), daily food intake logging adherence (6/10, 60% vs benchmark: 60%), and participant retention
(10/10, 100% vs benchmark: 60%). Most participants rated the intervention as acceptable (8/10, 80% vs benchmark: 70%) and
reported a high level of usability for dietitian services (10/10, 100%). The benchmark usability for the Fitbit tracker to log food
intake was not met. Compared to baseline, participants saw on average a 6.0 point reduction in malnutrition risk score (P=.01),
a 20.5 point improvement in general health-related quality of life score (P=.002), and a 5.6 percentage point increase in 1-month
weight change (P=.04) at the end of the study.

Conclusions: The STRONG intervention demonstrated to be feasible, acceptable, and usable among individuals with GI cancer
and PD receiving CRS-HIPEC. A fully powered randomized controlled trial is needed to test the effectiveness of STRONG for
reducing malnutrition and improving patient outcomes.

Trial Registration: ClinicalTrials.gov NCT05649969; https://clinicaltrials.gov/study/NCT05649969
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Introduction

Malnutrition is commonly observed among individuals with
gastrointestinal (GI) cancer and can severely affect disease
prognosis, quality of life, and survival [1,2]. Individuals with
GI cancer are at high risk of developing peritoneal disease (PD),
the metastasis of cancer to the abdominal cavity, which occurs
in about 40% of patients with GI cancer [3]. Cytoreductive
surgery combined with hyperthermic intraperitoneal
chemotherapy (CRS-HIPEC) can offer survival benefits for
individuals with GI cancer and PD [4,5]. CRS-HIPEC is a 2-step
approach that removes all visible cancerous tumors in the
abdomen through a surgical procedure, followed by heated
chemotherapy during surgery [5]. Due to the invasive nature of
this extensive operation, postoperative morbidities are common,
including weight loss, which occurs in more than 90% of
individuals receiving CRS-HIPEC [6]. Malnutrition, arising
from loss of appetite and malabsorption, occurs in about 50%
to 60% of individuals receiving CRS-HIPEC, which can
negatively affect postoperative outcomes (eg, length of hospital
stay, hospital readmission, and mortality) [7-10]. After
CRS-HIPEC, patients often experience a decline in nutritional
status, heightening the importance of adequate nutritional
support in the postoperative period [6,11].

Medical nutrition therapy (MNT), which includes dietitian-led
nutritional counseling and additional dietary interventions, has
been shown to improve nutritional outcomes for individuals
with GI cancer [12,13]. However, multilevel barriers hinder
access to MNT and its effectiveness. At the system level, there
may be limited outpatient services for nutritional counseling,
fragmented oncology and nutritional care, and inconsistent
nutrition-screening procedures across clinics [14,15]. For
example, a survey among surgical oncologists who specialize
in CRS-HIPEC showed that only one-third of providers reported
the availability of malnutrition screening at their practice [16].
At the provider level, available dietitians may be lacking, and
MNT is not routinely provided to individuals with cancer
[14,17,18]. There are also many barriers at the patient level,
including the lack of adherence to nutritional programs due to
clinical factors (eg, difficulties swallowing, fatigue, nausea, and
pain) and nonclinical factors (eg, lack of motivation and time
constraint) [19]. Digital nutritional interventions, such as remote
monitoring, can help patients overcome barriers to accessing
and adhering to traditional nutritional interventions and can
improve patient outcomes [20,21]. However, research on digital
nutritional interventions for individuals with cancer is limited
[22]. There is a need to develop and test digital nutritional
interventions, particularly for individuals receiving CRS-HIPEC
who are at high risk for malnutrition.

To address this gap, the goal of this study is to pilot test the
Support Through Remote Observation and Nutrition Guidance
(STRONG) intervention, a multilevel digital health intervention

to improve nutritional outcomes. The study aims (1) to assess
the feasibility, acceptability, and usability of the STRONG
intervention for individuals with GI cancer and PD undergoing
CRS-HIPEC and (2) to evaluate patient-reported outcomes,
including malnutrition risk, health-related quality of life, and
weight-related measures. To the best of our knowledge, this is
the first digital nutritional intervention conducted among
individuals receiving CRS-HIPEC, who are at high risk of
postoperative malnutrition and face unique barriers to accessing
and using MNT [7,20,21]. Findings from this study will inform
broader interventions to manage cancer-related malnutrition
and guide a future randomized controlled trial to evaluate the
impact of the STRONG intervention.

Methods

Study Design
We conducted a single-arm feasibility trial of STRONG, a
12-week digital intervention to improve postoperative nutrition.
Guided by the Obesity-Related Behavioral Intervention Trials
model, the goal of the single-arm study was to identify potential
technical issues with digital health delivery, assess the optimal
length of intervention delivery, and gather participant feedback
on acceptability to inform intervention refinement prior to larger
testing in a randomized trial [23]. The intervention was
developed based on the Theoretical Domains Framework, a
theory used to understand and address multilevel behavior
change (ie, patient and clinician behavior) in health care settings
[24]. Participants received biweekly MNT (6 sessions) that
included nutritional counseling with a registered dietitian and
continuous remote monitoring of participants’ dietary needs by
the dietitian. In addition, participants logged daily food intake
using a Fitbit device (Inspire 2) and completed 5 study
assessments related to patient malnutrition, nutrition-related
symptoms, and quality-of-life outcomes (at baseline and 4, 8,
12, and 16 weeks after study enrollment). Participants provided
feedback on the intervention’s acceptability and usability (at
week 12).

Participants
Individuals who met the following criteria were eligible to
participate in the study: (1) older than 18 years, (2) diagnosed
with primary GI cancer, (3) diagnosed with PD, (4) underwent
curative-intent CRS-HIPEC at Moffitt Cancer Center (Moffitt;
with cytoreduction completeness score of 0‐1), (5) transitioned
to a postoperative oral diet, (6) were able to speak and read
English, and (7) provided informed consent. Individuals were
excluded from the study if they met any of the following criteria:
(1) had documented or observable psychiatric or neurological
condition that would inhibit with study participation, (2) were
undergoing treatment for another primary cancer, and (3)
received postoperative parenteral or enteral nutrition.
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Recruitment
Potential participants were identified through a collaboration
between Moffitt’s GI clinic staff and the study coordinators. In
addition, we screened the patients’ electronic health records
(EHRs) to determine their eligibility. Eligible participants were
contacted by phone, unencrypted email, videoconference, or
in-person meetings to introduce them to the study and determine
their interest in participating. The participants who provided
informed consent were given study materials and equipment
during patient visits or by mail, including (1) a welcome packet
and checklist describing the study components, instructions on
using and caring for the Fitbit tracker and tablet, and brief
instructions on estimating food portion size; (2) a Fitbit tracker;
and (3) a study loaned tablet to log daily food intake with the
Fitbit application already downloaded and synced. Participants
also had the choice of downloading the Fitbit application on a
personal device if preferred. Within 3 to 5 days of the participant
receiving the Fitbit tracker, one of the study coordinators (RH,
OS, and SD-C) contacted the participant to confirm that they
were able to use the device. Participants received an introduction
to the Fitbit tracker before undergoing CRS-HIPEC. Recruitment
occurred from December 2022 to July 2023.

Intervention
Dietitians reviewed the participants’ food intake and nutritional
assessments and conducted 6 biweekly telehealth or in-person
counseling sessions with them. During these visits, the dietitian
established individualized dietary plans that included a calorie
goal, discussed challenges to dietary intake, and made
recommendations for improving nutrition. If a participant did
not record food intake for 5 days or more, a study coordinator
contacted the participant to discuss barriers to using the Fitbit
tracker and to encourage continued tracking. Study assessments
were completed on REDCap (Research Electronic Data Capture;
Vanderbilt University), a web-based software platform [25,26],
on a paper survey, or in person using a tablet during clinic visits.

Measures

Sociodemographic Characteristics
Participants’ sociodemographic characteristics were obtained
from the EHR and the baseline survey. Information collected
included age, sex at birth, race or ethnicity, marital status,
primary language preference, whether the participant resided
in an urban area (defined by matching the participant’s zip code
using the 2010 US Department of Agriculture rural-urban
commuting area codes) [27], 2022 Area Deprivation Index
(ADI; an area-level measure of socioeconomically
disadvantaged neighborhoods ranging from 0 to the 100th
percentile nationally, with higher percentiles indicating more
disadvantaged neighborhoods) [28], insurance type, highest
educational attainment, and annual household income.

Clinical Characteristics
Clinical characteristics were obtained from the EHR and
included tobacco use, BMI, Charlson Comorbidity Index, and
cancer type or histology. The peritoneal cancer index was also
measured, which grades the extent of PD on a scale from 0 to
39, with higher scores indicating a more extensive disease [29].
Eastern Cooperative Oncology Group performance status was

measured, which captures the extent to which the disease affects
a patient’s activities of daily living; the grades included in this
study ranged from 0=fully active to 4=completed disabled [30].
Cytoreduction completeness score was measured, which captures
the extent of the residual tumor, and was used to determine
whether the patient underwent CRS-HIPEC for curative intent
[31]. The patient’s nutritional status was measured by the
Patient-Generated Subjective Global Assessment (PG-SGA)
Short Form, with scores ranging from 0=no risk to 36=highest
risk [32].

Implementation Outcomes
The data on feasibility, acceptability, and usability of the
intervention were collected through objective intervention data
or measured by a participant survey at the end of the intervention
(week 12). Implementation outcomes were assessed against
prespecified benchmarks consistent with benchmarks
(60%‐70%) used in previously reported single-arm digital
health interventions for patients with cancer (Multimedia
Appendix 1) [33,34]. The feasibility benchmarks of successful
implementation of the intervention within the GI clinic included
recruitment rate (≥50%), percentage of participants who
completed baseline study assessment (≥70%), percentage of
participants who completed 4 of 5 study assessments (≥60%),
participant retention at the end of the intervention (≥70%),
participant retention at the end of the study period (≥60%),
percentage of participants who attended at least 4 of 6 dietitian
appointments (≥60%), and percentage of participants who logged
food intake for 63 of 90 days (≥60%).

Acceptability, defined as the participant’s level of satisfaction
with the intervention, was measured by the Acceptability of the
Intervention Measure, a 4-item scale (score ranges 0‐20)
[35,36]. A ≥70% response rate with a score >12 on the
Acceptability of the Intervention Measure was used as the cutoff
for establishing acceptability, indicating that participants on
average had a positive experience with the intervention [35].

Usability was assessed in 2 ways. Usability, defined as the extent
to which individuals were able to use the Fitbit tracker and
application to log food intake, was measured by the 10-item
System Usability Scale (SUS; score ranges 0‐100) [37]. A
≥65% response rate with a score >68 on the SUS was used as
the cutoff, indicating that participants on average perceived the
Fitbit tracker and application to be easy to use [37]. Usability
of the clinical dietitian services, including the dietitian’s
interpersonal skills and patient-perceived health benefits of the
dietitian service, was measured by a validated 8-item scale
(score ranges 0‐24) that has been used in outpatient MNT
interventions for patients with cancer [38,39]. A ≥70% response
rate with a score >12 was used as the cutoff for establishing
acceptability, indicating that participants on average had a
positive experience with the dietitian services [39].

Patient Outcomes
To evaluate the secondary aim of this study, patient outcomes
were obtained from their EHR or study assessments and included
malnutrition risk measured by the PG-SGA, health-related
quality of life measured by the Functional Assessment of Cancer
Therapy—General [40] and the Functional Assessment of
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Anorexia/Cachexia Treatment—Anorexia/Cachexia Scale [41],
BMI, weight, and 1-month weight change.

Analyses
Descriptive statistics were computed to describe the study
sample and assess whether prespecified benchmarks for
feasibility, acceptability, and usability were met at the end of
the intervention. Given the small sample size, continuous
variables were summarized using median and IQR, and
categorical variables were summarized using frequency and
percentage. Changes in patient outcomes at baseline and the
end of the study period (week 16) were assessed using linear
regressions for continuous outcomes and ordered logistic
regressions for ordinal outcomes. Models included participant
fixed effects to obtain within-participant estimates, and SEs
were robust and clustered by the participant. We adhered to the
CONSORT (Consolidated Standards of Reporting Trials)
guidelines for pilot and feasibility studies and study reporting
(Checklist 1) [42]. All analyses were performed in Stata (version
18; StataCorp).

Ethical Considerations
The trial (ClinicalTrials.gov NCT05649969) was conducted at
a single site, Moffitt, a National Cancer Institute
(NCI)–designated comprehensive cancer center. The study was

approved by Moffitt’s Institutional Review Board of Record,
Advarra (protocol Pro00066098). Informed consent was
obtained from all participants. To protect participants’
confidentiality, deidentified information and pseudonym IDs
(eg, Participant 1) were entered into participants’Fitbit profiles.
The study staff maintained a separate password-protected file
behind Moffitt’s firewall linking participant IDs to patient
identifiers (eg, name and medical record number). Paper
questionnaires were stored in a locked file cabinet in an office
with a locked door. Only the study team had access to participant
research data, and only trained staff with appropriate approvals
had access to patient medical records. Participants were
compensated with a US $25 gift card for completing each of
the 5 study assessments; participants who completed all 5
assessments received an additional US $25 gift card.

Results

Sample Characteristics
Among the patients (n=42) screened for eligibility, 25 patients
were deemed ineligible (Figure 1). Of the 17 patients
approached, 10 patients consented to participate in the study.
All 10 participants completed at least 1 assessment, and no
participants were lost to follow-up.
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Figure 1. CONSORT diagram of the single-arm feasibility trial of the STRONG intervention. CONSORT: Consolidated Standards of Reporting Trials;
CRS-HIPEC: cytoreductive surgery combined with hyperthermic intraperitoneal chemotherapy; GI: gastrointestinal; STRONG: Support Through
Remote Observation and Nutrition Guidance.

Study participants had a median age of 57.5 (IQR 54.0‐69.0)
years; 8 (80%) participants were female, and 10 (100%) were
non-Hispanic White (Table 1). In total, 6 (60%) participants
were married, 1 (10%) had never been married, and 3 (30%)
were divorced. All participants spoke English as their primary
language and resided in an urban area. The median ADI of
participants was in the 30th percentile nationally (IQR 24-32),
with a higher ADI indicating a more disadvantaged
neighborhood. In total, 4 (40%) participants received health
insurance through employment, 4 (40%) received public
insurance, 1 (10%) had direct-purchase insurance, and 1 (10%)
did not provide insurance-type information. The highest
education attained by participants was some college for 3 (30%)
participants, a bachelor’s degree for 3 (30%) participants, or a
graduate or professional degree for 4 (40%) participants.

Participants’ annual household income ranged from US $35,000
to ≥US $100,000.

In total, 8 (80%) participants never smoked tobacco, and 2
(20%) were former smokers (Table 1). The median BMI of
participants was 28 (IQR 27.3-29.5), and participants had a
median Charlson Comorbidity Index of 7 (IQR 7-9). A total of
6 (60%) participants were diagnosed with appendiceal cancer,
2 (20%) with colorectal cancer, and 2 (20%) with peritoneal
mesothelioma. The median peritoneal cancer index was 21.5
(IQR 13.0-25.5). Participants were all fully active or able to
carry out light or sedentary work, with a median Eastern
Cooperative Oncology Group performance status of 0 (IQR
0-0). No participants at baseline were assessed to be at low
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malnutrition risk, 2 (20%) were at medium risk, and 7 (70%) were at high risk.
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Table . Participant characteristics at baseline of the STRONGa intervention.

Participant (N=10)Characteristic

Sociodemographic characteristics

57.5 (54.0-69.0)    Age (years), median (IQR)

    Sex at birth, n (%)

2 (20)        Male

8 (80)        Female

    Race or ethnicity, n (%)

10 (100)        Non-Hispanic White

    Marital status, n (%)

1 (10)        Never married

6 (60)        Now married

3 (30)        Divorced

10 (100)    Primary language was English, n (%)

10 (100)    Resided in an urban area, n (%)

30 (24-32)    Area Deprivation Index national percentile, median (IQR)

    Insurance type, n (%)

4 (40)        Employment-based

1 (10)        Direct purchase

4 (40)        Public (eg, Medicare, Tricare, and Veterans Affairs)

1 (10)        Unknown

    Highest educational attainment, n (%)

3 (30)        Some college, vocational training, or associate degree

3 (30)        Bachelor’s degree

4 (40)        Graduate or professional degree

    Income (US $), n (%)

0 (0)        <$35,000

1 (10)        $35,000-$49,999

1 (10)        $50,000-$74,999

2 (20)        $75,000-$99,999

3 (30)        ≥$100,000

3 (30)        Unknown

Clinical characteristics

    Tobacco use, n (%)

8 (80)        Never smoker

2 (20)        Former smoker

28 (27.3‐29.5)    BMI (kg/m2), median (IQR)

7 (7-9)    Charlson Comorbidity Index, median (IQR)

    Cancer type or histology, n (%)

6 (60)        Appendiceal mucinous neoplasm

2 (20)        Colorectal adenocarcinoma

2 (20)        Peritoneal mesothelioma

21.5 (13-25.5)    Peritoneal cancer index, median (IQR)
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Participant (N=10)Characteristic

0 (0‐0)    ECOGb performance status, median (IQR)

1 (0‐1)    Cytoreduction completeness score, median (IQR)

    Patient-Generated Subjective Global Assessment Short Form score

0 (0)        Low malnutrition risk (score 0‐3), n (%)

2 (20)        Medium malnutrition risk (score 4‐8), n (%)

7 (70)        High malnutrition risk (score≥9), n (%)

1 (10)        Unknown, n (%)

12 (9‐15)     Median (IQR)

aSTRONG: Support Through Remote Observation and Nutrition Guidance.
bECOG: Eastern Cooperative Oncology Group.

Feasibility
Among the eligible patients (n=17) who were approached to
participate in the study, 10 (59%) consented to participate (Table
2). In total, 9 (90%) participants completed the baseline
assessment and completed 4 of 5 assessments. All participants
completed the assessment at the end of the intervention (week
12), and 9 (90%) participants completed the follow-up
assessment at week 16. A total of 7 (70%) participants attended

at least 4 of 6 dietitian appointments, and 6 (60%) participants
logged food intake for at least 63 of the 90 days (median logged
76, IQR 15‐87 days). Adherence to logging food intake
decreased slightly over the span of the intervention, from 7
(70%) participants meeting the benchmark number of days
logging food intake in the first 30 days (median logged 29, IQR
15‐30 days) to 5 (50%) participants meeting the benchmark
in the last 30 days (median logged 15, IQR 0‐27 days; not
shown in table).

Table . Feasibility outcomes of the STRONGa intervention.

STRONG intervention, n/N (%)Benchmark (%)Outcome

Recruitment

10/17 (59)≥50    Eligible patients who consented

Study assessment completion

9/10 (90)≥70    Participants who completed baseline assess-
ment

9/10 (90)≥60    Participants who completed 4 of 5 study assess-
ments

Retention

10/10 (100)≥70    Participants retained at the end of the interven-
tion (week 12)

10/10 (100)≥60    Participants retained at the end of the study
period (week 16)

Intervention adherence

7/10 (70)≥60    Participants who attended at least 4 of 6 dieti-
tian appointments

6/10 (60)≥60    Participants who logged food intake for 63 of
90 days

aSTRONG: Support Through Remote Observation and Nutrition Guidance.

Acceptability and Usability
Among the 10 participants who completed the week 12
assessment, 8 (80%) rated the intervention as acceptable
(benchmark score >12), with a median score of 18 (IQR 16‐20;
Table 3). In total, 5 (50%) participants rated the Fitbit tracker
and application as usable for logging food intake (benchmark
score >68), with a median score of 68.8 (IQR 54.4‐90). All
participants (100%) were satisfied with the dietitian services

(benchmark score >12), with a median score of 23.5 (IQR
17.8‐24.0). One participant reflected on the high acceptability
of the dietitian services and said, “The program added a lot of
value. It helped with my recovery, especially with getting the
right nutrition. It has been really great!” Another participant
conveyed the value of the digital nature of the STRONG
intervention, expressing “The ZOOM meetings were wonderful
because I am over an hour from the hospital. The [nutritionist]
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was also a great encourager and contributed to my healing process.”

Table . Acceptability and usability outcomes of the STRONGa intervention (N=10).

STRONG interventionBenchmarkOutcome

Acceptability

8 (80)≥70% response rate with score >12    Acceptability of the Intervention Measure

Usability

5 (50)≥65% response rate with score >68    Fitbit

10 (100)≥70% response rate with score >12    Dietitian services

aSTRONG: Support Through Remote Observation and Nutrition Guidance.

Patient Outcomes
Compared to baseline, average PG-SGA malnutrition scores
saw a decrease of 6 points (P=.01), with a corresponding
reduction in patients with high malnutrition risk (P=.03; Table
4). Functional Assessment of Cancer Therapy—General scores
increased by an average of 20.5 points (P=.002), and Functional
A s s e s s m e n t  o f  A n o r e x i a / C a c h e x i a

Treatment—Anorexia/Cachexia Scale scores increased by an
average of 7.4 points (P=.03), indicating an improvement in
participants’health-related quality of life. There was no change
in participants’ average BMI or weight, suggesting a
stabilization of weight loss. This is supported by a 5.6
percentage point increase in the average 1-month weight change
(P=.04), in which participants saw a slight weight gain compared
to the previous month at week 16.

Table . Changes in patient outcomes between baseline and the end of the intervention.

P valueaWeek 16BaselinePatient outcomes (n=9)

.015.7 (4.3)11.7 (3.8)Patient-Generated Subjective Global
Assessment Short Form score, mean
(SE)

.033 (33)0 (0)Low risk, n (%)

.035 (56)2 (22)Medium risk, n (%)

.031 (11)7 (78)High risk, n (%)

.00290.9 (10.5)70.4 (15.4)Functional Assessment of Cancer
Therapy—General score, mean (SE)

.0336.3 (7.8)28.9 (4.3)Functional Assessment of Anorex-
ia/Cachexia Treatment—Anorex-
ia/Cachexia Scale score, mean (SE)

.0926.3 (4.2)27.5 (5.5)BMI (kg/m2), mean (SE)

.09165.3 (22.0)172.3 (29.1)Weight (lb), mean (SE)

.040.4 (3.1)−5.2 (4.8)Weight change since 1 month ago
(%), mean (SE)

aP values of continuous outcomes were computed from linear regression models. P values of ordinal outcomes were computed from ordered logistic
regression models. All models included participant fixed effects. SEs were robust and clustered by the participant.

Discussion

Principal Findings
The goal of this trial was to evaluate the feasibility and
acceptability of the STRONG intervention for individuals with
GI cancer and PD undergoing CRS-HIPEC. Our findings
demonstrated that the STRONG intervention was feasible to be
implemented with high participant recruitment, adherence, and
retention to the intervention. Participants rated the intervention
favorably and found the dietitian services to be both acceptable
and usable. This rating is consistent with previous pilot studies
assessing the implementation of mobile phone–based nutritional
intervention for individuals with cancer [43,44]. Patient

outcomes, including malnutrition risk, health-related quality of
life, and 1-month weight change, saw marked improvement.
Given that this study was a single-arm intervention without a
comparison group, we were unable to attribute the changes in
patient outcomes to the intervention alone without considering
the effects of cancer treatment and disease progression. The
successful implementation of STRONG in this study, positive
feedback from participants, and promising improvements in
patient outcomes suggest that a future, fully powered trial with
a comparison group is warranted. Our team is currently
evaluating potential improvements to STRONG and assessing
alternative food logging approaches in preparation for a
randomized controlled trial of STRONG.
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Comparison With Prior Work
Malnutrition screening, counseling, and related interventions
remain underused in cancer care [45,46]. Nutritional counseling
has been shown to improve the nutritional status, quality of life,
and survival for individuals with GI cancer [47,48]. Digital
nutritional interventions show clear benefits over traditional
MNT, including efficiency, accessibility (eg, reduced
transportation barriers), and the ability to remotely monitor
patients outside of a traditional clinic visit [22]. Digital tools
can also help individuals maintain adherence to nutritional
interventions [14]. In our study, despite undergoing a complex
surgical procedure, participants were able to adhere to the
dietitian visits and food logging in the postoperative period. We
hypothesize that this may be facilitated by strong support from
the clinic team. Members of the surgical and dietitian teams
encouraged patients to participate in the intervention and
periodically checked on participants to monitor their progress
through the intervention. This study is innovative in that
individualized and remote monitoring of dietary needs bridges
the gap between the clinical need for close, in-person patient
follow-up and the substantial barriers for this patient population
to access nutritional support.

Prior studies have shown that digital nutritional interventions
are feasible and effective for achieving weight loss among
survivors of cancer [49,50]. However, there has been limited
research on the use of digital health interventions for individuals
with malnutrition to maintain weight or to prevent weight loss.
To the best of our knowledge, this is the first digital nutritional
intervention conducted among individuals receiving
CRS-HIPEC, who have increased risk for malnutrition and face
unique barriers to accessing and using traditional MNT
[7,20,21].

One study that assessed food-intake tracking with a Fitbit device
among individuals with colorectal cancer undergoing surgery
found decreased acceptability of the intervention in the
postoperative period due to the complexity of the Fitbit
application [51]. In our study, we also found declining adherence
to tracking food intake over time. The benchmark for tracking
food intake was not achieved and was driven primarily by 3
participants who logged 0, 3, and 12 days over the course of
the intervention. The decline in adherence to tracking food
intake was driven primarily by 2 participants who logged 12
and 24 days over the first 30 days of the intervention, followed
by no additional days logged over the rest of the intervention
period. It was unclear why these participants were disengaged
with tracking food intake, as they did not provide any qualitative
feedback.

Further research is needed to investigate why the usability of
Fitbit may be low (eg, differences in digital literacy) and what
strategies could be used to improve usability. One potential
explanation is the choice of the usability measure. Our study
team used a generic SUS that was not targeted to mobile health
specifically [52]. In future studies, we plan to include mobile
health–specific measures of usability to see how that may affect
usability ratings. Another potential explanation is that study
participants did not have sufficient education on how to use the
Fitbit. Since this pilot study, our team has added teach-back

sessions to the Fitbit training. Additionally, our team has created
a paper version of the food log as an alternative for patients who
cannot manage electronic food logging even after training. A
third hypothesis is that participants may only need to food log
for a certain amount of time before learning enough about their
dietary patterns to manage their nutrition. Further study is
needed on the optimal time needed for food logging for
malnutrition self-management.

Future digital health interventions should assess the eHealth
literacy of participants and make efforts to address participant
concerns about the potential complexity of digital interventions
[53,54]. One approach may be to target participants with low
eHealth literacy with additional technical support and resources
to ensure equal and inclusive participation in the intervention
[53]. Another approach to improve adherence to food tracking
may be to adopt a tracking system designed for patients with
cancer (eg, the Automated Self-Administered 24-Hour Dietary
Recall developed in collaboration with the NCI) [55]. Recent
developments in image processing technology can also be
leveraged to reduce the burden on participants in tracking food
intake [56]. For example, artificial intelligence–enabled
applications such as MyFitnessPal, Fastic, and Noom enable
food tracking through capturing photos of the foods via a
smartphone [56]. However, the feasibility of these technologies
for individuals with cancer has yet to be fully explored.

Limitations
Our study should be considered in light of the following
limitations. First, this is a single-arm feasibility study conducted
at an NCI-designated comprehensive cancer center. Therefore,
the study findings may not be generalizable to other settings.
Second, the study sample is small and consisted only of
non-Hispanic White participants, limiting generalizability to
other patient populations. There is a critical need to test the
intervention in a more diverse population, across a wider range
of settings, and on a larger sample. Additionally, our study
focused on extending nutritional support in the postoperative
setting, which has been previously recommended for individuals
receiving CRS-HIPEC [57,58]. Further research is needed to
test nutritional interventions for this population prior to surgery,
which may improve CRS-HIPEC tolerance and reduce the
likelihood of nutrition-related, postoperative complications
[57,58]. Finally, this study was a single-arm trial without a
comparison group. Findings on changes in patient outcomes
over time cannot be solely attributed to the effect of the
intervention without considering the effects of cancer treatment
and disease progression. A larger, fully powered randomized
controlled trial is needed to rigorously evaluate the impact of
STRONG on patient outcomes.

Conclusions
Our study demonstrated that STRONG, a digital health
intervention aimed at improving nutritional management for
individuals with GI cancer and PD receiving CRS-HIPEC, is
feasible, acceptable, and usable. Future studies are needed to
establish the effectiveness of the STRONG intervention and to
evaluate its implementation in more diverse patient populations
and settings.
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Abstract

Background: Digital interventions for supportive care during cancer treatment incorporating electronic patient-reported outcomes
(ePROs) can enhance early detection of symptoms and facilitate timely symptom management. However, economic evaluations
are needed.

Objective: This study aims to conduct a cost-utility analysis of an app for ePRO and interactive support from the perspective
of the payer (Region Stockholm Health Care Organization) and to explore its impact on patient health care utilization and costs.

Methods: Two open-label randomized controlled trials (RCTs) were conducted, including patients undergoing neoadjuvant
chemotherapy for breast cancer (B-RCT; N=149) and radiotherapy for prostate cancer (P-RCT; N=150), recruited from oncology
clinics at 2 university hospitals in Stockholm, Sweden. EORTC QLQ-C30 scores were mapped to EQ-5D-3L to calculate
quality-adjusted life years (QALYs). Intervention and implementation costs and health care costs, obtained from an administrative
database, were used to calculate incremental cost-effectiveness ratios (ICERs) in 3 ways: including all health care costs (ICERa),
excluding nonacute health care costs (ICERb), and excluding health care costs altogether (ICERc). Nonparametric bootstrapping
was used to explore ICER uncertainty. Health care costs were analyzed by classifying them as disease-related or acute.

Results: In both RCT intervention groups, fewer QALYs were lost compared with the control group (P<.001). In the B-RCT,
the mean intervention cost was €92 (SD €2; €1=US $1.03). The mean cost for the intervention and all health care was €36,882
(SD €1032) in the intervention group and €35,427 (SD €959) in the control group (P<.001), with an ICERa of €202,368 (95%
CI €152,008-€252,728). The mean cost for the intervention and acute health care was €3585 (SD €480) in the intervention group
and €3235 (SD €494) in the control group (P<.001). ICERb was €49,903 (95% CI €37,049-€62,758) and ICERc was €13,213
(95% CI €11,145-€15,281); 22 out of 74 (30%) intervention group patients and 24 out of 75 (32%) of the control group patients
required acute inpatient care for fever. In the P-RCT, the mean intervention cost was €43 (SD €0.2). The mean cost for the
intervention and all health care was €3419 (SD €739) in the intervention group and €3537 (SD €689) in the control group (P<.001),
with an ICERa of –€1,092,136 (95% CI –€3,274,774 to €1,090,502). The mean cost for the intervention and acute health care
was €1219 (SD €593) in the intervention group and €802 (SD €281) in the control group (P<.001). ICERb was €745,987 (95%
CI –€247,317 to €1,739,292) and ICERc was €13,118 (95% CI –68,468 to €94,704). As many as 10 out of the 75 (13%) intervention
group patients had acute inpatient care, with the most common symptom being dyspnea, while 9 out of the 75 (12%) control
group patients had acute inpatient care, with the most common symptom being urinary tract infection.
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Conclusions: ePRO and interactive support via an app generated a small improvement in QALYs at a low intervention cost
and may be cost-effective, depending on the costs considered. Considerable variability in patient health care costs introduced
uncertainty around the estimates, preventing a robust determination of cost-effectiveness. Larger studies examining cost-effectiveness
from a societal perspective are needed. The study provides valuable insights into acute health care utilization during cancer
treatment.

Trial Registration: ClinicalTrials.gov NCT02479607; https://clinicaltrials.gov/ct2/show/NCT02479607, ClinicalTrials.gov
NCT02477137; https://clinicaltrials.gov/ct2/show/NCT02477137

International Registered Report Identifier (IRRID): RR2-10.1186/s12885-017-3450-y

(JMIR Cancer 2025;11:e53539)   doi:10.2196/53539

KEYWORDS

cost-effectiveness; ePRO; mHealth; disease monitoring; cancer; RCT; randomized controlled trial; controlled trials; digital
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Introduction

Managing symptoms during cancer treatment is essential for
patients’ quality of life, workability, and performance [1].
Symptoms such as pain, fatigue, and gastrointestinal problems
commonly lead to emergency department visits [2]. Emergency
department visit rates appear to be higher among patients with
cancer than in the general population, although the magnitude
or underlying reasons for this remain understudied [3].

Electronic patient-reported outcome (ePRO) interventions have
gained recognition as convenient and safe tools for promoting
the early detection of symptoms and adverse events [4,5].
Collecting ePROs has demonstrated high acceptance [6-8],
long-term feasibility [9], and positive outcomes related to
physical and psychological symptoms [10-15], as well as
increased survival [16]. ePROs are also suggested to help
mitigate unplanned acute care and unnecessary hospitalizations
during cancer treatment; however, this assertion requires more
robust empirical confirmation [17,18]. In our studies, the use
of the interactive app Interaktor was associated with a decreased
symptom burden during radiotherapy (RT) for prostate cancer
[19], neoadjuvant chemotherapy (NACT) for breast cancer [11],
and up to 6 months after surgery for pancreatic cancer [20].

Health economic evaluations are essential for supporting the
implementation of cost-effective interventions [21,22] and
guiding decision-makers [23]. A cost-utility analysis (CUA) is
one type of health economic evaluation that compares the costs
and health outcomes of medical treatments or care by estimating
the cost required to improve a unit of health outcome [24].
Quality-adjusted life years (QALYs) is a generic measure of
disease burden that accounts for both life quality and quantity.
One QALY corresponds to 1 year of perfect health, while 0
represents death [25]. In Sweden, the National Board of Health
and Welfare (NBHW) has defined a cost per QALY of €9685
(€1=US $1.03) as low, more than €48,423 as high, and more
than €96,846 as very high [26].

Most health economic evaluations of ePRO interventions have
focused on patients with advanced or metastatic cancer [27].
Lizée et al [28] demonstrated the cost-effectiveness of ePRO
from a national health insurance perspective, despite increased
costs, due to associated survival benefits. Velikova et al [29]
evaluated the cost-effectiveness of ePRO for patients undergoing

systemic treatment for colorectal, breast, or gynecological
cancer, comparing the cost per additional QALY gained at 18
weeks after randomization from both health care and societal
perspectives. The analysis considered costs for the intervention
manual, software maintenance, and patient time off work but
excluded intervention development costs. No significant cost
differences were observed between the intervention and usual
care groups. The study indicated a 55% likelihood of
cost-effectiveness at the National Institute for Health and Care
Excellence cost-per-QALY threshold.

This study was conducted alongside 2 randomized controlled
trials (RCTs) of the ePRO intervention Interaktor during NACT
for breast cancer (B-RCT) and RT for prostate cancer (P-RCT).
The primary aim is to evaluate the cost utility of the app for
ePRO and interactive support from the health care provider’s
perspective (Region Stockholm Health Care Organization).
Additionally, the study examines the impact on patients’ health
care utilization and associated costs.

Methods

Ethical Considerations
The research was approved by the Swedish Ethical Review
Authority (permit numbers 2013/1652-31/2 and 2017/2519-32).
Written informed consent was obtained from all patients at the
time of study inclusion. Data were deidentified to protect
participants’ privacy. Patients received written and verbal
information about their right to opt out without affecting their
subsequent care. No compensation or payment was provided
for participation.

Study Design
Between 2016 and 2019, Interaktor was evaluated through 2
parallel prospective open-label RCTs, with symptom burden as
the primary endpoint, measured using the EORTC QLQ-C30
version 3.0 [30]. Patients were consecutively recruited from
oncology clinics at 2 university hospitals in Stockholm, Sweden.
Eligible and interested patients met with a researcher who
provided detailed information about the trial. Refer to the
previously published study protocol and clinical effectiveness
article [11,31] for details on the eligibility criteria, intervention
design, and randomization process. No changes were made to
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the methods after the protocol was registered (NCT02479607
and NCT02477137) and the trials commenced.

Samples
One RCT included a sample of patients with breast cancer
treated with NACT (B-RCT), and the other included a sample
of patients with prostate cancer treated with RT (P-RCT). In
both RCTs, patients were randomly allocated to the intervention
or control group. In the B-RCT, there were 74 patients in the
intervention group and 75 patients in the control group. Of these,
69 (93.2%) in the intervention group and 71 (94.7%) in the
control group completed the follow-up and were considered
complete cases (Multimedia Appendices 1 and 2). In the P-RCT,
a total of 150 patients were randomly allocated to the
intervention (n=75) or control (n=75) group. Of these, 58 (77%)
in the intervention group and 56 (75%) in the control group
completed the follow-up questionnaires and were considered
complete cases [32] (Multimedia Appendices 2-4). The sample
size for both RCTs was estimated based on an effect study
conducted with patients receiving RT for prostate cancer [19],
with symptom distress as the primary outcome. The effect size
difference (Cohen d=0.54) indicated that, for 90% power at
P<.05, 71 patients were required in each group.

Intervention and Standard Care
The Interaktor smartphone and tablet app is an ePRO
intervention designed for daily symptom reporting and
interactive support during cancer treatment. It includes a
symptom questionnaire, graphs of symptom reporting history,
self-care advice related to disease and treatment-associated
symptoms, and links to websites with additional information.
Oncology ward nurses are alerted via SMS text messages when
severe symptom levels are reported. Nurses can access patients’
reports through a web interface, which facilitates
patient-clinician communication. Depending on the alert, nurses
contact the patient within 1 hour or 1 day. The Interaktor
versions used in this study did not include any institutional
affiliation display or logo.

Patients in the intervention group reported daily via the
Interaktor app on weekdays, starting from their first day of
treatment and continuing until 2 weeks after treatment in the
B-RCT (mean treatment duration: 15 weeks in both groups)
and, until 3 weeks after treatment in the P-RCT (mean treatment
duration: 5 weeks in both groups). In the intervention groups,
registered nurses at the patients’ oncology units responded to
the symptom report alerts. Additionally, a researcher was
available to assist with any technical questions or issues. Outside
office hours, patients were advised to contact health care
personnel according to the standard procedure of their oncology
clinic. The intervention and app content remained unchanged
during the evaluation process. Patients received daily reminders
if a report had not been submitted. A comprehensive description,
including screenshots, has been published previously [7].

All patients, in both the intervention and control groups, received
standard care, which included an assigned contact nurse and a
visit with the physician before treatment.

Data Collection
Before randomization, patients self-reported sociodemographic
characteristics, including education level, marital and
occupational status, and baseline outcomes via questionnaires.
In the B-RCT, follow-up (via postal questionnaires) occurred
2 weeks after the end of NACT or the day before surgery,
whichever came first. In the P-RCT, follow-up was 3 weeks
after the conclusion of RT. Medical history and clinical
treatment data were obtained from the patients’medical records,
including comorbid conditions, tumor histopathology, cancer
stage, and prostate-specific antigen score before treatment
initiation, as well as the type and number of cancer treatments
planned and completed, and reasons for discontinuing or altering
treatment. Data on mortality and cause of death were obtained
from the Stockholm and Gotland Regional Cancer Centre and
the Swedish NBHW (Multimedia Appendix 5).

Health Care Utilisation and Costs
Administrative data on each patient’s health care utilization and
costs, from the first day of treatment and for 6 months thereafter,
were obtained from the Stockholm Region Council
administrative database (VAL). The database includes variables
on primary care and emergency department visits (VAL-OVR)
and hospitalizations (VAL-SLV) for Stockholm Region Council
patients [33]. Health care costs were estimated using a variable
(SIMKOST [simulerad kostnad/simulated cost]) that calculates
the cost of visits based on the profit and loss account for the
respective care branch. SIMKOST reflects approximately 90%
of the costs for individuals’ visits to outpatient care and 99%
of the costs for inpatient care (Multimedia Appendix 6).
Intervention costs were based on a fiscal estimate provided by
the company that developed the app, expressed as a 1-time
implementation/startup cost of €5212, with weekly licensing
costs per capita of €39 for nurses and €2.25 for patients
(Multimedia Appendix 6).

Data Analysis

Statistical Analysis
Data were handled using Microsoft Excel 2016 with the add-in
XL-STAT, IBM SPSS Statistics version 27, and STATA 16
(StataCorp LP). Clinical trials with an RCT design should be
analyzed using the intention-to-treat (ITT) principle [34], so
missing values were imputed as the mean per group and time
[32]. Health care utilization and cost values were imputed for
2 patients in each intervention group (B-RCT and P-RCT). In
the P-RCT, EORTC dimension scores were imputed at baseline
for 2 patients per group, and at follow-up for 15 patients in the
intervention group and 20 patients in the control group. In the
B-RCT, follow-up values were imputed for 5 patients in the
intervention group and 4 patients in the control group.
Distribution normality was assessed using skewness and
kurtosis. All costs were adjusted for inflation from 2019 to 2022
[35] (×1.0764) and converted from Swedish kronor (SEK) to
Euros (€) using the average exchange rate for April 2022 of
10.3257 SEK=€1 [36]. Nonparametric bootstrapping (1000
replications) was used to test nonnormally distributed variables,
calculate the incremental cost-effectiveness ratios (ICERs), and
explore sample uncertainty regarding the mean ICERs [37].
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Health Outcome
EORTC QLQ-C30 [30] dimension scores were mapped onto
EQ-5D-3L [38] health state utilities using a response mapping
algorithm [38,39] (Multimedia Appendix 4). The original
algorithm includes British utility weights [40], which were
replaced with Swedish weights according to Burström et al [41]
for this study. The mean predicted EQ-5D value (EQ-5DP)
before treatment minus after treatment was used to measure
effectiveness, with a smaller reduction in mean EQ-5DP
indicating better outcomes.

Intervention Costs
The overall startup cost was divided by the total number of
patients diagnosed and treated with the respective treatment
regimens in the Stockholm Regional Council and Gotland
Region for the years 2016-2018 (518 patients with breast cancer
treated with NACT and 683 patients with prostate cancer treated
with RT). Given that system updates may incur additional costs
beyond the license fees, a time frame of 3 years was considered
reasonable. The estimate assumed 5 nurses per 100 patients,
with no additional costs for nurses to handle symptom alerts.
Based on each patient’s number of weeks in treatment (wt), the
intervention costs were calculated per equations (1) and (2) for
B-RCT and P-RCT, respectively:

(5212/518) + ([39 × 5/100] × [wt]) + (2.25 × wt) (1)

(5212/683) + ([39 × 5/100] × [wt]) + (2.25 × wt) (2)

Cost-Utility Analysis
Stochastic CUAs [42] were conducted for each RCT by
calculating ICERs in 3 different ways. For ICERa, each patient’s
intervention cost, along with all health care costs from
randomization through 6 months, was included. For ICERb,
each patient’s intervention costs, plus acute health care costs
from randomization and the subsequent 6 months, were
considered. Given the considerable variation in patient health
care costs, which introduced substantial uncertainty in the
cost-effectiveness estimates, a third ICER (ICERc) was
calculated by dividing the intervention group’s intervention
costs minus the control group’s intervention costs by the
difference in QALYs lost between the 2 groups. The rationale
behind this approach is that patients’ health care utilization
during cancer treatment is influenced by multiple factors, and
a much larger study would be necessary to demonstrate a
significant reduction in health care costs. Therefore, it was
deemed appropriate to assess cost-effectiveness under the
assumption that health care costs are not substantially affected.
To capture the gradual change in the quality of life during
treatment, QALYs lost were calculated linearly as follows:
([EQ-5DP after treatment minus EQ-5DP before treatment]/2)
× (individual treatment duration in weeks/52). For visualization,
bootstrap values of the incremental intervention costs and
incremental health outcomes (QALYs) were plotted on
cost-effectiveness planes.

In the P-RCT, the RT treatment was standardized with minimal
variation between patients, so RT costs were excluded from
both CUAs. By contrast, the B-RCT did not allow for
standardized subtraction of treatment costs, so all health care
costs were included. The analysis was conducted from the payer

perspective (Stockholm Region Council) and focused on the
patient’s treatment duration (less than 1 year), meaning that no
discounting of costs or results was applied. The cost per QALY,
as defined by the Swedish NBHW, was used to evaluate
cost-effectiveness.

ICERa=[(intervention costs + IG total health care
costs) – (CG total health care costs)]/(IG change in
QALY – CG change in QALY)

ICERb=[(intervention costs + IG acute health care
costs) – (CG acute health care costs)]/(IG change in
QALY – CG change in QALY)

ICER=[(IG intervention costs) – (IG intervention
costs)]/(IG change in QALY – CG change in QALY)

Exploration of Health Care Utilization and Costs
Within each RCT, variables for total and acute health care visits
and costs were generated by summing each participant’s visits
and costs, conditional on the VAL variable AKUT (acute) being
marked as yes or no. Additionally, variables for health care
utilization related to the respective cancer treatments were
created through a qualitative analysis of the International
Statistical Classification of Diseases and Related Health
Problems (ICD) codes, using a conventional and summative
approach [43]. All ICD codes for acute outpatient and inpatient
visits within each RCT were compiled in Excel sheets, and the
occurrence of all unique codes was counted. These ICD codes
were either grouped or coded based on similarities into
predefined and emerging categories. Examples of these
categories include fever/neutropenia (D709C, R502, R508, and
R509), gastroenteritis/colitis (K521 and A047), anemia (D649),
urinary tract infection (N390), and urinary problems (R339,
N390, R301, N390X, N304, N109, T830, R391, R319, and
N300; Multimedia Appendix 7).

Each patient’s visits and costs, according to the categories, were
calculated to create variables used as dependent outcomes in
multivariate regression analysis. Depending on the level of
overdispersion, Poisson, negative binomial, or binary logistic
models with a log-link function were fitted [44]. The variable
“Group” was coded as control=0 and intervention=1. Prior
studies have suggested an association between diminished
performance status [45,46], the presence of multiple chronic
diseases in older individuals [47], and increased costs. Therefore,
the continuous variables—age at inclusion, Charlson
Comorbidity Score, and Baseline EQ-5DP score—were included
as covariates. The reference category was arranged in ascending
order. For the B-RCT, each patient’s number of NACT cycles
was included as an independent variable. By contrast, for the
prostate cancer trial, treatment was standardized, and all patients
underwent a similar number of treatments.

Results

B-RCT

Health Outcome
The mean EQ-5DP before treatment was 0.86 in the intervention
group and 0.87 in the control group. After treatment, the mean
EQ-5DP was 0.84 in the intervention group and 0.80 in the
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control group (P=.036, effect size=0.099). A statistically
significant difference was observed in the mean changes in
EQ-5DP from before to after treatment between the intervention
and control groups (P=.012, effect size=0.042). The greatest
difference in change was observed in the Anxiety/Depression
dimensions (Multimedia Appendix 8). The CONSORT
(Consolidated Standards of Reporting Trials) checklist is
presented in Multimedia Appendix 9 (also see Multimedia
Appendices 1 and 3).

Cost-Utility Analysis
The intervention group patients had a mean QALY loss of
–0.004 (SD 0.002) from before treatment to after treatment,

while the corresponding figure for patients in the control group
was –0.012 (SD 0.002; P<.001). The mean cost for the Interaktor
app per patient was €92 (SD €2). The mean total cost for the
intervention and all health care was €36,882 (SD €1032) for
patients in the intervention group and €35,427 (SD €959) for
control group patients (P<.001). The ICERa was €202,368 (€SD
811,136; 95% CI €152,008-€252,728). The mean cost for the
intervention and acute health care was €3585 (SD €480) in the
intervention group and €3235 (SD €494) in the control group
(P<.001). ICERb was €49,903 (SD €207,042; 95% CI
€37,049-€62,758; Table 1). Lastly, when health care costs were
excluded from the analysis, the ICERc was €13,213 (SD
€33,327; 95% CI €11,145-€15,281; Table 1).

Table 1. Breast cancer trial cost-utility analysis.

Control group (n=75)Intervention group (n=74)

95% CIt test (df)aP valueMean (SD)Mean (SD)

Health utility

0.0074-0.007880 (1998)<.001–0.012 (0.002)–0.004 (0.002)QALYsb,c

N/AN/AN/AN/Ad0.0076 (0.003)Incremental QALYsb

Costs (€e)

N/AN/AN/AN/A92 (2)Intervention costs

All health care costs (€)

N/AN/AN/A26,348 (5800)27,571 (6392)Outpatient

N/AN/AN/A9093 (5460)9207 (5254)Inpatient

33,530-37,35133 (1987)<.00135,427 (959)36,882 (1032)Total

N/AN/AN/AN/A1454 (1386)Incrementalb

Acute health care costs (€)

N/AN/AN/A562 (606)554 (597)Outpatient

N/AN/AN/A2665 (3992)2932 (4023)Inpatient

2242-421416 (1998)<.0013235 (494)3585 (480)Total

N/AN/AN/AN/A353 (676)Incrementalb

152,008-252,728N/AN/AN/A202,368 (811,136)ICERab,f

37,049-62,758N/AN/AN/A49,903 (207,042)ICERbb

11,145-15,281N/AN/AN/A13,213 (33,327)ICERcb

aIndependent unpaired samples Student t test (2-tailed).
bBased on bootstrap.
cQALY: quality-adjusted life year.
dN/A: not applicable.
e€1=US $1.03.
fICER: incremental cost-effectiveness ratio.

Figure 1 presents a cost-effectiveness plane depicting the
bootstrapped values of the intervention group’s joint incremental
costs and incremental QALYs compared with the control group,

as per ICERa and ICERb. Figure 2 illustrates the
cost-effectiveness plane with the corresponding values based
on ICERc.
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Figure 1. Breast cancer cost-effectiveness plane ICERa and ICERb. ICER: incremental cost-effectiveness ratio; QALY: quality-adjusted life year.

JMIR Cancer 2025 | vol. 11 | e53539 | p.737https://cancer.jmir.org/2025/1/e53539
(page number not for citation purposes)

Crafoord et alJMIR CANCER

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Figure 2. Breast cancer cost-effectiveness plane ICERc. ICER: incremental cost-effectiveness ratio; QALY: quality-adjusted life year.

Exploration of Health Care Utilization and Health Care
Costs
The mean outpatient cost for patients in the intervention group
was €27,571 (SD €6392), while in the control group, it was
€26,348 (SD €5800). In both groups, approximately 2% of the
outpatient costs were attributable to acute care: €554 out of
€29,321 (1.9%) in the intervention group and €562 out of
€26,348 (2.13%) in the control group.

In the intervention group, 13 out of 74 (18%) patients had an
acute outpatient visit for fever, with a total of 34 visits. In the
control group, the corresponding proportion was 9 out of 75
(12%), with a total of 21 visits. Additionally, 7 out of 74 (9%)
patients in the intervention group had an unplanned admission
from outpatient to inpatient care, accounting for 37 unplanned

admissions. In the control group, 6 out of 75 (8%) had an
unplanned admission from outpatient to inpatient care, totaling
29 unplanned admissions.

The mean inpatient cost per patient was €9207 (SD €5254) in
the intervention group and €9093 (SD €5460) in the control
group. Approximately one-third of all inpatient care cost was
acute in both groups (€2932/€9207, 31.85% in the intervention
group and €2665/€9093, 29.31% in the control group). The
most common diagnoses during acute inpatient care episodes
in both groups were fever, gastroenteritis/colitis, anemia, and
urinary tract infection. The variable group (intervention/control)
was not associated with the number of visits for fever,
gastroenteritis/colitis, anemia, or urinary tract infection, nor
were age, health-related quality of life (HRQOL) before
treatment, comorbidities, or the number of NACT (Table 2).
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Table 2. Breast cancer trial multivariate regression analysis of predictors for acute healthcare visits for chemotherapy-related symptoms

χ2/dfaP value95% CIStandardized coef-
ficient [Exp(B)]

SEBControl
group (n=75)

Intervention
group (n=74)

Visits

Acute outpatient

N/AN/AN/AN/AN/AN/Ac0.28 (0.63)0.46 (0.86)Feverb M (SD)

N/AN/AN/AN/AN/AN/A21 (n=9)34 (n=13)Dependent variable: total, n

1.141.49dN/AN/AN/AN/AN/AN/AIndependent variables:

N/A.16f0.331-1.2020.630.33–0.46N/AN/AGroupe

N/A.72f0.949-1.0370.9920.02–0.01N/AN/AAge

N/A.72f0.011-22.1060.4981.93–0.70N/AN/AHRQOL

N/A.48f0.773-1.7271.1560.200.15N/AN/AComorbidity

N/A.24f0.800-1.0580.920.07–0.08N/AN/ANACTg

N/AN/AN/AN/AN/AN/A0.39 (0.72)0.50 (71)Unplanned admissions M (SD)

N/AN/AN/AN/AN/AN/A29 (n=6)37 (n=7)Dependent variable: total, n

.877.52dN/AN/AN/AN/AN/AN/AIndependent variables

N/A.47f0.444-1.4510.8030.302–0.220N/AN/AGroupe

N/A.62f0.969-1.0541.0100.0210.010N/AN/AAge

N/A.08f0.002-1.4940.0471.760–3.048N/AN/AHRQOL

N/A.88f0.705-1.5041.0300.1930.029N/AN/AComorbidity

N/A.55f0.857-1.0860.9650.061–0.036N/AN/ANACTg

Acute inpatient

N/AN/AN/AN/AN/AN/A0.60 (0.82)0.73 (0.98)All M (SD)

N/AN/AN/AN/AN/AN/A45 (n=32)54 (n=35)Dependent variable: total, n

.722.72dN/AN/AN/AN/AN/AN/AIndependent variables:

N/A.49f0.497-1.3980.8340.2636–0.182N/AN/AGroupe

N/A.76f0.969-1.0431.0060.01870.006N/AN/AAge

N/A.43f0.011-6.7680.2751.634–1.291N/AN/AHRQOL

N/A.74f0.757-1.4761.0570.17020.055N/AN/AComorbidity

N/A.23f0.836-1.0440.9340.0568–0.068N/AN/ANACTg

N/AN/AN/AN/AN/AN/A0.32 (0.55)0.39 (0.70)Feverb M (SD)

N/AN/AN/AN/AN/AN/A24 (n=21)29 (n=22)Dependent variable: Total, n

.838.94dN/AN/AN/AN/AN/AN/AIndependent variables:

N/A.53f0.433-1.5350.8150.32–0.20N/AN/AGroupe

N/A.66f0.965-1.0571.010.020.01N/AN/AAge

N/A.59f0.008-15.750.3531.94–1.04N/AN/AHRQOL

N/A.57f0.557-1.3780.8760.23–0.13N/AN/AComorbidity

N/A.86f0.868-1.1240.9880.07–0.01N/AN/ANACTg

N/AN/AN/AN/AN/AN/A0.16 (0.40)0.08 (0.36)Gastroenteritisb M (SD)
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χ2/dfaP value95% CIStandardized coef-
ficient [Exp(B)]

SEBControl
group (n=75)

Intervention
group (n=74)

N/AN/AN/AN/AN/AN/A12 (n=11)6 (n=4)Dependent variable: total, n

1.186.77dN/AN/AN/AN/AN/AN/AIndependent variables:

N/A.21f0.686-5.4401.9310.530.66N/AN/AGroupe

N/A.63f0.944-1.1001.0190.040.02N/AN/AAge

N/A.58f0.009-
4422.840

6.2453.351.83N/AN/AHRQOL

N/A.46f0.328-1.6570.7370.41–0.31N/AN/AComorbidity

N/A.97f0.826-1.2201.0040.1000.004N/AN/ANACTg

N/AN/AN/AN/AN/AN/A0.05 (0.23)0.05 (0.23)Anemiab M (SD)

N/AN/AN/AN/AN/AN/A4 (n=4)4 (n=4)Dependent variable: total, n

.961.73dN/AN/AN/AN/AN/AN/AIndependent variables:

N/A.89f0.210-3.8630.9010.74-0.10N/AN/AGroupe

N/A.16f0.963-1.2581.1010.070.10N/AN/AAge

N/A.70f0.001-
68734.141

6.3464.741.85N/AN/AHRQOL

N/A.20f0.093-1.6330.3890.73-0.94N/AN/AComorbidity

N/A.89f0.780-1.3570.0290.140.03N/AN/ANACTg

N/AN/AN/AN/AN/AN/A0.05 (0.03)0.04 (0.20)Urinary tract infectionb M (SD)

N/AN/AN/AN/AN/AN/A4 (n=3)3 (n=3)Dependent variable: total, n

1.268.31dN/AN/AN/AN/AN/AN/AIndependent variables:

N/A.91f0.177-4.7020.9110.84–0.09N/AN/AGroupe

N/A.58f0.926-1.1461.0300.050.03N/AN/AAge

N/A.53f0.000-
15250488

55.116.394.01N/AN/AHRQOL

N/A.50f0.571-3.1441.340.430.29N/AN/AComorbidity

N/A.59f0.818-1.4261.080.140.07N/AN/ANACTg

aPearson χ2 value divided by degrees of freedom (goodness of fit of the model).
bNr of acute visits when a patient received the diagnose.
cN/A: not applicable.
dP value Omnibus test General Linear Model Negative Binomial Regression.
eIntervention/Control; Reference category=Intervention
fP value for the independent variable in the General Linear Model Negative Binomial Regression.
gNeoadjuvant chemotherapy treatments

Negative binomial multivariate regression analysis revealed
that the independent variable group (intervention/control) did
not significantly affect the predicted log odds of patients’health
care costs (P=.949). For acute outpatient health care costs, the
analysis showed that age, health-related quality of life at

baseline, and comorbidities significantly predicted costs. Older
age (P=.002) and better health-related quality of life (P<.001)
were associated with lower acute outpatient health care costs.
By contrast, a higher number of comorbidities was associated
with increased acute health care costs (P=.02; Table 3).
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Table 3. Breast cancer trial multivariate regression analysis of predictors for health care costs.

χ2/dfaP value95% CIStandardized
coefficient
[Exp(B)]

SEUnstandardized
coefficient

Control group
(n=75)

Intervention group

(n=74)

Care costs (€b)

Outpatient

N/AN/AN/AN/AN/AN/Ac26,348 (5800)

n=75

27,571 (6392)

n=74

All costs Mean (SD)

0.042.95dN/AN/AN/AN/A1,976,0972,040,225Dependent variable:
Total costs

Independent variables:

N/A.82f0.695-1.3340.9630.166–0.038N/AN/AGroupe

N/A.94f0.976-1.0230.9990.012–0.001N/AN/AAge

N/A.44f0.062-3.3750.4581.019–0.78N/AN/AHRQOL

N/A.92f0.789-1.2390.9880.115–0.012N/AN/AComorbidity

N/A.67f0.951-1.0811.0140.0330.014N/AN/ANACTg

N/AN/AN/AN/AN/AN/A562 (606)

n=52

554 (597)

n=51

Acute costs Mean
(SD)

1.170a<.001dN/AN/AN/AN/A42,18340,998Dependent variable:
Acute costs

Independent variables:

N/A.80f0.754-1.4461.0440.1660.043N/AN/AGroupe

N/A.002f0.942-0.9870.9640.012–0.036N/AN/AAge

N/A<.001f0.002-0.1470.0171.108–4.091N/AN/AHRQOL

N/A.02f1.033-1.5881.2800.1100.247N/AN/AComorbidity

N/A.05f0.882-1.0010.9400.032–0.062N/AN/ANACTg

Inpatient

N/AN/AN/AN/AN/AN/A9093 (5460)

n=73

9206

(5254)

n=69

All costs Mean (SD)

0.341a.84dN/AN/AN/AN/A681,949681,221Dependent variable:
Total costs

Independent variables:

N/A.96f0.73-1.3931.0080.1650.008N/AN/AGroupe

N/A.70f0.973-1.0180.9960.012–0.004N/AN/AAge

N/A.32f0.046-2.7330.3531.044–1.041N/AN/AHRQOL

N/A.92f0.796-1.2290.9890.111–0.011N/AN/AComorbidity

N/A.77f0.928-1.0560.9900.033–0.01N/AN/ANACTg

a€1=US $1.03.
bN/A: not applicable.
cP value Omnibus test General Linear Model Multivariate Regression.
dPearson χ2 value divided by degrees of freedom (goodness of fit of the model).
eIntervention/Control; Reference category=Intervention
fP value for the independent variables in the General Linear Model Multivariate Regression Model.
gNeoadjuvant chemotherapy treatments
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P-RCT

Health Outcome
The mean EQ-5DP before treatment was 0.88 in the intervention
group and 0.89 in the control group. After treatment, the mean
EQ-5DP was 0.87 in the intervention group and 0.88 in the
control group (P=.51). The mean difference in EQ-5DP from
before to after treatment was not statistically significant between
the intervention and control groups (P=.94). The most prominent
differences in change were observed in the dimensions of
Pain/Discomfort and Anxiety/Depression (Multimedia Appendix
5).

Cost-Utility Analysis
The intervention group patients scored a mean QALY loss of
–0.0008 (SD 0.0006), while the corresponding figure for the

control group was –0.0009 (SD 0.0006; P<.001). The mean
total cost of the Interaktor intervention per patient was €43 (SD
€0.2). The mean total cost, including the intervention and all
health care, was €3419 (SD €739) for the intervention group
and €3537 (SD €689) for the control group. The ICERa was
–€1,092,136 (SD €35,155,229; 95% CI –€3,274,774 to
–€1,090,502). The mean total costs for the intervention and
acute health care were €1219 (SD €593) in the intervention
group and €802 (SD €281) in the control group. The ICERb
was €745,987 (SD €16,006,924; 95% CI –€247,317 to
€1,739,292). Lastly, when health care costs were excluded from
the analysis, the ICERc was €13,118 (SD €1,314,743; 95% CI
–€68,468 to €94,704; Table 4).

Table 4. Prostate cancer trial cost-utility analysis.

Control group

(n=75)

Intervention group

(n=75)

95% CIt test (df)P valueaMean (SD)Mean (SD)

Health utility

0.0001 to 0.00026.419 (1998)<.0001–0.0009 (0.0006)–0.0008 (0.0006)QALYsb,c

N/AN/AN/AN/Ad0.0002 (0.0008)Incremental QALYsb

Costs (€e)

N/AN/AN/AN/A43 (0.2)Intervention costs

All health care costsf (€)

N/AN/AN/A2488 (2403)2077 (1386)Outpatient

N/AN/AN/A1049 (4240)1321 (5460)Inpatient

–183 to –57–4 (1988).00023537 (689)3419 (739)Total

N/AN/AN/AN/A–120 (1034)Incrementalb

   Acute health care costs (€)

N/AN/AN/A126 (258)121 (247)Outpatient

N/AN/AN/A684 (2335)1054 (5132)Inpatient

376 to 45820 (1426)<.0001802 (281)1219 (593)Total

N/AN/AN/AN/A417 (659)Incrementalb

–3,274,774 to 1,090,502N/AN/AN/A–1,092,136 (35,155,229)ICERab

–247,317 to 1,739,292N/AN/AN/A745,987 (16,006,924)ICERbb

–68,468 to 94,704N/AN/AN/A13,118 (1,314,743)ICERcb

aIndependent unpaired samples Student t test (2-tailed).
bBased on bootstrap.
cQALY: quality-adjusted life year.
dN/A: not applicable.
e€1=US $1.03.
fExcluding radiotherapy costs.

gICER: incremental cost-effectiveness ratio.

Figure 3 presents a cost-effectiveness plane showing the
bootstrapped values of the intervention group’s joint incremental

costs and incremental QALYs compared with the control group
for ICERa and ICERb. Figure 4 displays the cost-effectiveness
plane with the corresponding values for ICERc.
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Figure 3. Prostate cancer cost-effectiveness plane ICERa and ICERb. ICER: incremental cost-effectiveness ratio; QALY: quality-adjusted life year.
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Figure 4. Prostate cancer cost-effectiveness plane ICERc. ICER: incremental cost-effectiveness ratio; QALY: quality-adjusted life year.

Exploration of Health Care Utilization and Health Care
Costs
The mean outpatient cost for patients in the intervention group
was €2077 (SD €1386), while in the control group, it was €2488
(SD €2403); €121 out of €2077 (5.83%) outpatient cost in the
intervention group was for acute care, compared with €126 out
of €2488 (5.06%) in the control group. In both groups, 25
patients (33%) had an acute outpatient care visit.

Acute outpatient care for urological problems was required by
5 of 75 (7%) patients (7 visits) in the intervention group and 6
of 75 (8%) patients (14 visits) in the control group (Table 5).
Regarding acute outpatient visits for urological problems that
resulted in unplanned admissions from outpatient to inpatient
care, this occurred for 1 patient in the intervention group (1
admission) and 2 patients in the control group (3 admissions).
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Table 5. Prostate cancer trial multivariate regression analysis of predictors for health care visits.

χ2/dfaP value95% CIStandardized
coefficient

[Exp(B)]

SEBControl

group

(n=75)

Intervention
group

(n=75)

Variables

Outpatient care visits

.848.008cN/AN/AN/AN/Ab851739Dependent variable: total
visits, n

Independent variables:

N/A.27e0.864-1.6941.2100.1720.190N/AN/AGroupd

N/A.22f0.989-1.0511.0190.0160.019N/AN/AAge

N/A.002f0.003-0.2970.0321.135–3.439N/AN/AHRQOL

N/A.92f0.875-1.1591.0070.0720.007N/AN/AComorbidity

1.033.88f2525Dependent variable: patients
with acute visit, n

Independent variables:

N/A.96h0.495-1.9530.9830.350–0.017N/AN/AGroupg

N/A.56h0.959-1.0791.0170.0300.017N/AN/AAge

N/A.97h0.010-112.5741.0812.3700.078N/AN/AHRQOL

N/A.60h0.807-1.4501.0810.1500.078N/AN/AComorbidity

1.048.23fN/AN/AN/AN/A65Dependent variable: patients
with acute visit for urologi-
cal problems, n

Independent variables:

N/A.84h0.261-2.9680.8810.620–0.127N/AN/AGroupg

N/A.69h0.875-1.0930.9780.057–0.022N/AN/AAge

N/A.02h4.239-
4,371,830

4304.8833.5328.368N/AN/AHRQOL

N/A.62h0.661-2.0081.1520.2840.142N/AN/AComorbidity

1.038.43fN/AN/AN/AN/A67Dependent variable: patients
with an unplanned admis-
sion, n

Independent variables:

N/A.89h0.339-3.4651.0830.5930.080N/AN/AGroupg

N/A.25h0.830-1.0490.9330.060-0.069N/AN/AAge

N/A.14h0.185-
155,848.181

169.7383.4815.134N/AN/AHRQOL

N/A.90h0.628-1.691.030.2520.030N/AN/AComorbidity

Inpatient care visits

1.068.12f1011Dependent variable: patients
with a visit, n

Independent variables:

N/A.96h0.396-2.6651.0270.4870.027N/AN/AGroupg

N/A.18h0.852-1.0300.9370.049–0.065N/AN/AAge
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χ2/dfaP value95% CIStandardized
coefficient

[Exp(B)]

SEBControl

group

(n=75)

Intervention
group

(n=75)

N/A.04h1.349-
124,898.645

410.3982.9186.017N/AN/AHRQOL

N/A.75h0.637-1.3820.9380.198–0.064N/AN/AComorbidity

aPearson χ2 value divided by degrees of freedom (goodness of fit of the model).
bN/A: not applicable.
cP value Omnibus test General Linear Model Multivariate Regression.
dIntervention/Control; Reference category=Intervention
eP value for the independent variable in the General Linear Model Multivariate Regression.
fP value Omnibus test Binary Logistic Regression Model
gIntervention/Control; reference category=Control
hP value for the independent variable in the Binary Logistic Regression Model.

The mean inpatient cost was €1321 (SD €5460) in the
intervention group, compared with €1049 (SD €4240) in the
control group. In the intervention group, €1054 out of €1321
(79.79%) inpatient care costs were attributed to acute care, while
the corresponding figure in the control group was €684 out of
€1049 (65.20%). The most common diagnoses during acute
inpatient care episodes in the intervention group were R060
dyspnea (4 episodes) and I214 acute subendocardial infarction
(3 episodes). In the control group, the most common diagnoses
were N390 urinary tract infection (3 episodes) and anemia
D630/D649 (2 episodes).

Negative binomial multivariate regression analysis revealed
that higher HRQOL before treatment was associated with a
decrease in the number of outpatient care visits (P=.002).
Multivariate binary logistic regression indicated that higher
HRQOL before treatment was negatively associated with both
having an acute outpatient care visit for urological problems
(P=.02) and having an inpatient care episode (P=.04). Therefore,
patients with better HRQOL before treatment were less likely
to have an acute outpatient visit for urological problems and
less likely to experience an inpatient care episode (Table 5).

Discussion

Principal Findings
In both RCTs, patients in the intervention groups experienced
fewer QALYs lost compared with those in the control groups.
In the B-RCT, the quality of life of patients in the intervention
group decreased significantly less during treatment compared
with the control group; however, this was not observed in the
P-RCT. The reduction in QALYs lost was achieved with a low
intervention cost per patient. Unfortunately, while ICERs are
particularly valuable for guiding decision makers, the ICERs
from this study are somewhat difficult to interpret due to
uncertainty, as illustrated in the cost-effectiveness planes. The
variability in the ICERs arose from differences in patients’
health care costs. When health care costs were excluded from
the analysis, the RCTs showed ICERs slightly above the NBHW
threshold for a low cost per QALY but still well below what
the NBHW considers a high cost per QALY. These findings

are encouraging and support the conceptual foundation of ePRO
[48].

Comparison With Prior Work
Although the P-RCT showed a decrease in QALYs lost, the
difference was relatively small. This finding is not uncommon.
Snoswell et al [49] reviewed 25 cost-utility studies of telehealth
interventions that reported costs from the health system
perspective and changes in HRQOL. About one-third of these
studies demonstrated cost savings and changes in effect, but
most QALY improvements were marginal (range 0.0006-0.12).
The authors concluded that this may be partly due to HRQOL
instruments being neither sensitive nor appropriate for detecting
the effects of changes in health service delivery. Demonstrating
substantial cost savings from ePRO during curative cancer
treatment may be challenging, given the relatively short time
frame and the high variability in health care utilization, which
necessitate large sample sizes. However, because productivity
loss due to morbidity and mortality represents the most
significant societal cost of cancer [50], further research should
explore whether life quality improvements enable patients to
continue working during treatment or return to work earlier and
to a greater extent after treatment. Such a cost-effectiveness
analysis could reveal societal cost savings.

There are a few studies available to compare with our findings,
as CUAs of ePRO interventions remain limited [27]. We did
not identify any studies evaluating the cost-effectiveness of
ePRO during first-line curative cancer treatment. However,
some studies have been conducted in the context of follow-up
and advanced cancer care. For instance, Nixon et al [51] and
Lizée et al [28] reported relatively low ICERs for ePRO in
cancer survivors, whereas Van der Hout et al [52] found a small
positive effect on HRQOL but no significant differences in
direct or indirect medical costs among cancer survivors.

Evidence suggests that ePRO can reduce health care utilization
[27]. For example, ePRO has been shown to positively impact
outcomes such as emergency room visits, hospitalizations, and
readmissions [27]. However, not all studies demonstrate these
effects. Barbera et al [53], in a study conducted during adjuvant
chemotherapy for breast cancer, did not observe a reduction in
hospitalizations or readmissions. Similarly, Wheelock et al [54]
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investigated the impact of ePRO during follow-up care after
breast cancer treatment and found no reduction in health care
resource use, including oncology-related appointments,
physician visits, or medical tests. Lizée et al [28] observed a
higher number of follow-up clinic visits in the ePRO
intervention group compared with the control group. However,
the intervention group also experienced longer overall survival,
allowing more time for follow-up visits.

The study highlights the heterogeneity of the cancer population
and the variation in health care use not only between but also
within patient populations. For instance, nearly 104 of 149
(69.8%) patients treated for breast cancer made acute outpatient
visits, whereas only about one-third (50/150) of patients with
prostate cancer required such visits. This may be linked to the
continuous health care contact that patients undergoing external
RT maintain. In the context of older patients receiving cancer
treatment, Nipp et al [55] demonstrated that age moderated the
positive effects of ePRO on both ER visits and survival in
patients with advanced cancer.

By analyzing ICD codes documented during health care visits
to regional health care organizations, this study revealed that 5
of 75 (7%) intervention group patients and 6 of 75 (8%) control
group patients undergoing treatment for prostate cancer had an
acute outpatient visit for urological problems. Similarly, 4 of
74 (5%) intervention group patients and 11 of 75 (15%) control
group patients treated for breast cancer had an acute outpatient
visit for gastrointestinal symptoms. However, health care visits
to general practitioners’ clinics and health centers lacked ICD
codes, meaning these figures may not fully capture the patients’
health care utilization for those symptoms.

In this study, intervention group patients treated for breast cancer
had more acute outpatient visits for fever/neutropenia, although
the difference was not statistically significant. A similar increase
in neutropenic events was observed by Absolom et al [10], who
evaluated an intervention for patients undergoing chemotherapy,
which aligns with national recommendations for managing
chemotherapy patients presenting with this symptom [56]. In
this study, the number of acute inpatient care episodes for
fever/neutropenia was similar between the intervention and
control groups.

Previous research has shown that health care utilization and
costs during cancer treatment are complex [45]. This study
examined whether age, comorbidity, and health status
significantly influenced patients’ health care utilization. As
expected, the results suggest that health status has some impact
on health care consumption. In the B-RCT, higher HRQOL
before treatment was associated with reduced acute outpatient
costs. In the P-RCT, higher HRQOL before treatment was
associated with a lower likelihood of having an acute outpatient
visit or inpatient care episode. Considering the results showing
a smaller decline in quality of life among intervention group
patients, these findings suggest that patients using the app
receive timely and appropriate care, leading to more effective
and prompt management of symptoms and adverse events
associated with cancer treatment. This interpretation aligns with
previously reported positive effects on health-related quality of
life and symptom burden [11,19,20].

Limitations
The study presents unique and highly relevant findings for
modern outpatient-based, personalized cancer care. A key
strength is its randomized design, although some limitations
should be noted. First, the ICERs must be interpreted with
caution due to the uncertainty illustrated in the cost-effectiveness
planes. Regarding costs, additional expenses for nurses handling
alerts were not included, as staff interviews indicated that no
increase in working hours was necessary (unpublished data). A
similar assumption was made in the study by Nixon et al [51].
A recent study of a similar intervention also concluded that the
intervention did not increase hospital clinicians’workload [10].
Finally, the Swedish valuation system assigns higher values to
most conditions than the British system, presumably because
it is based on patients’valuations of their conditions rather than,
as in the British case, the public’s valuations of hypothetical
conditions [57]. Accordingly, the results regarding intervention
effectiveness may have differed.

In the P-RCT, the dropout rate was notably high, potentially
reducing the statistical power to detect significant differences.
The reasons for nonresponse to outcome questionnaires remain
unknown. Importantly, all patients used the app daily as
instructed, with an adherence rate of 80% [6]. Although debated,
imputation aims to accurately estimate the overall data
distribution [58]. It is suggested that imputing missing values
exceeding 10% increases the risk of bias [34,58]. By contrast,
the use of ITT analysis is highly recommended in RCTs [34].
Although there is no specific threshold for missing values in
health economic studies, it is emphasized that patterns of
missing data should be reported [32]. The sample in our study
is too small to analyze patterns, but the ITT principle presumably
assumes missing data are random, though other mechanisms
may also have contributed [59]. Based on the study design and
sample size, a simple imputation method was applied in this
study [57].

Health care costs were missing at random due to an
administrative error, and values for no more than 2 patients per
group were imputed. The risk of overestimating costs due to
right-skewed data is therefore small. Given that the data on the
EORTC dimension scores are approximately normally
distributed, the imputation method appears to be accurate.
Nevertheless, further studies are needed.

Conclusions
At a low weekly cost, the intervention reduced QALYs lost.
The cost-effectiveness of the intervention, as defined by the
ICER in relation to the Swedish NBHW, varied depending on
the costs considered. For patients with breast cancer, the
intervention was cost-effective when nonacute health care costs
were excluded, whereas for patients with prostate cancer,
cost-effectiveness was achieved when all health care costs were
included. This suggests that the intervention has the potential
to achieve cost-effectiveness. However, larger studies are
needed, as there was considerable uncertainty regarding the
ICERs due to significant variations in patients’health care costs.

Patients in the intervention group with breast cancer had more
acute health care visits for neutropenia/fever, whereas more
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patients in the control group were hospitalized for
gastrointestinal symptoms. Only a few patients with prostate
cancer were hospitalized for urological problems. These findings
highlight the previously demonstrated positive effects on

patients’ symptom burden and suggest that the intervention may
facilitate timelier and more effective symptom management.
Future studies should assess cost-effectiveness from a societal
perspective.
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ePRO: electronic patient-reported outcome
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NBHW: National Board of Health and Welfare
P-RCT: radiotherapy for prostate cancer
QALY: quality-adjusted life year
RT: radiotherapy
SEK: Swedish kronor
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Abstract

Background: Breast cancer screening plays a pivotal role in early detection and subsequent effective management of the disease,
impacting patient outcomes and survival rates.

Objective: This study aims to assess breast cancer screening rates nationwide in the United States and investigate the impact
of social determinants of health on these screening rates.

Methods: Data on mammography screening at the census tract level for 2018 and 2020 were collected from the Behavioral
Risk Factor Surveillance System. We developed a large-scale dataset of social determinants of health, comprising 13 variables
for 72,337 census tracts. Spatial analysis employing Getis-Ord Gi statistics was used to identify clusters of high and low breast
cancer screening rates. To evaluate the influence of these social determinants, we implemented a random forest model, with the

aim of comparing its performance to linear regression and support vector machine models. The models were evaluated using R2

and root mean squared error metrics. Shapley Additive Explanations values were subsequently used to assess the significance of
variables and direction of their influence.

Results: Geospatial analysis revealed elevated screening rates in the eastern and northern United States, while central and

midwestern regions exhibited lower rates. The random forest model demonstrated superior performance, with an R2=64.53 and
root mean squared error of 2.06, compared to linear regression and support vector machine models. Shapley Additive Explanations
values indicated that the percentage of the Black population, the number of mammography facilities within a 10-mile radius, and
the percentage of the population with at least a bachelor’s degree were the most influential variables, all positively associated
with mammography screening rates.

Conclusions: These findings underscore the significance of social determinants and the accessibility of mammography services
in explaining the variability of breast cancer screening rates in the United States, emphasizing the need for targeted policy
interventions in areas with relatively lower screening rates.

(JMIR Cancer 2025;11:e59882)   doi:10.2196/59882

KEYWORDS

mammography; breast neoplasms; social determinants of health; geographic information systems; machine learning

Introduction

In the United States, breast cancer ranks as the second most
prevalent form of cancer among women, surpassed only by skin
cancer [1]. Annually, approximately 240,000 cases of breast
cancer are diagnosed in women, and tragically, approximately
42,000 women succumb to this disease each year in the United

States. This makes breast cancer the second leading cause of
cancer-related mortality among women in the country, following
lung cancer [2]. Screening for breast cancer serves as a crucial
secondary prevention measure, aimed at identifying the disease
at an early stage, prior to clinical manifestation. Early detection
of breast cancer enables the implementation of less intensive
treatment strategies, contributing to improved survival rates.
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Mammography-based screening detects lesions before they
achieved clinical visibility [3]. Evidence shows that high-quality
routine screening programs have led to a 25% to 31% reduction
in breast cancer–related mortality among women aged 50 to 69
years [4].

The US Preventive Services Task Force recommends
mammography every two years for women aged 40 to 74 years
[5]. Despite these recommendations, current research indicates
disparities in mammography screening across different
parameters, including variations among women residing in
different regions and belonging to different races, with varying
levels of median household incomes, health insurance statuses,
and access to mammography services [6]. The 2022 Cancer
Trends Progress Report revealed that 76% of women aged
50‐74 years underwent mammogram testing, with rates varying
from 74% among Hispanic women to 82% among non-Hispanic
Black women [7]. Additionally, 64% of women with less than
a high school education, 67.5% of women with incomes below
200% of the federal poverty level, and 75% of those who were
Medicare beneficiaries underwent a mammogram test [7]. The
Healthy People 2030 [8] has set a target to increase the
proportion of breast cancer screenings to 80% [9].

Geospatial and machine learning models have proven effective
in identifying the impact of social, natural, and built
environments on health outcomes [10-12]. This study seeks to
explain the geographical disparities in breast cancer screening
across the United States and to explore the area-level
socioeconomic factors associated with the rates of breast cancer
screening. By examining these disparities, we seek to provide
insights that can guide targeted interventions and policies aimed
at improving equitable access to breast cancer screening
services.

Methods

This cross-sectional study investigates the spatial and
socioeconomic factors influencing mammography screening
rates among women aged 50 to 74 years in the United States.
The methodology section outlines the steps, including data
collection, variable selection, descriptive analysis, spatial
analysis, machine learning model implementation, and model
performance evaluation.

Data Collection

Dependent Variables
The data for mammography screening rates in this study were
sourced from the Centers for Disease Control and Prevention’s
(CDC) PLACES Project for the years 2018 and 2020, which
used responses collected through the Behavioral Risk Factors
Surveillance System (BRFSS) survey [13]. This survey
specifically targeted female respondents aged 50-74 years,
categorizing them as women who reported having undergone
mammogram screenings and those who did not (excluding
unknowns and refusals). Our data extraction process comprised
two main stages. First, we extracted age-adjusted mammography
screening rates at the county level for spatial analysis,
facilitating the visualization of patterns across the entire country.
Second, we obtained the crude rates (raw percentages) of
mammography screening at the census tract level, a small
geographic unit used by the US Census Bureau for collecting
and analyzing statistical data, explanatory analysis, and
prediction model development by machine learning methods.

Independent Variables
Based on a preliminary literature review, we selected
independent variables for the study from various sources. We
incorporated socioeconomic data from the CDC, the
2013‐2017 American Community Survey, the United States
Department of Agriculture, and the Health Resources and
Services Administration. The analyzed variables encompass a
range of factors, including urban-rural location, population
density, the rate of older women (aged 55 to 74 years), poverty
rate, ethnicity (Black and Hispanic), educational attainment,
uninsured rate, median home value, social vulnerability index,
and primary care shortage area.

To assess accessibility, we used data from the US Food and
Drug Administration’s Mammography Facility Database, which
included geocoding the locations of 8706 mammography
centers. The geodesic distance from each census tract to the
nearest facility and the number of facilities within a 10-mile
radius were calculated. Table 1 provides a comprehensive
overview of the dependent and independent variables used in
this study, including their names, sources, and definitions.
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Table . Dependent and independent variables used in this study.

DefinitionUnitSourceVariable name

Dependent variables

Crude percent of mammography use
among women aged 50‐74 years
in 2018

PercentCDCa    Mammography rate (2018)

Crude percent of mammography use
among women aged 50‐74 years
in 2020

PercentCDC    Mammography rate (2020)

Independent variables

Urban or rural tract as of 2019BinaryUSDAb    Urban-rural location

Number of people per square milePer square mile2013‐2017 ACSc    Population density

Estimated percent of the female
population aged 55 or above

Percent2013‐2017 ACS    Number of women aged ≥55
years

Estimated percent of all people that
are living in poverty

PercentCensus ACS data    Poverty rate

Estimated percent of the population
without health insurance coverage

Percent2013‐2017 ACS    Without health insurance

Estimated percent of the population
≥25 years, with a bachelor’s, gradu-
ate, or professional degree

Percent2013‐2017 ACS    Higher education rate

Percent of the population that is
Black or African American, by sin-
gle census classification

Percent2013‐2017 ACS    Black population

Percent of the population identified
as Hispanic or Latino

Percent2013‐2017 ACS    Hispanic population

Estimated median value of an own-
er-occupied housing unit

Dollar2013‐2017 ACS    Home value

Social vulnerability level as of 2020IndexCDC    Social vulnerability index

Primary care health professional
shortage area status as of 2020

BinaryHRSAd    Primary care shortage

Distance from the center of the cen-
sus tract to the nearest accredited
mammography facility

MileCalculated    Distance to nearest mammogra-
phy facility

Number of mammography facilities
within the 10-mile catchment of the
census tract

NumberCalculated    Number of mammography facili-
ties

aCDC: Center for Disease Control and Prevention.
bUSDA: United States Department of Agriculture.
cACS: American Community Survey.
dHRSA: Health Resources and Services Administration.

Analysis

Preprocessing
The primary objective of preprocessing was to handle missing
values of both dependent and independent variables within the
dataset. Due to the complexity of accounting for both spatial
and temporal correlations in imputing breast cancer screening
rates, we opted to exclude any census tracts that lacked
mammography screening data in the BRFSS dataset for the
years 2018 and 2020. Missing independent variables were
imputed using the mean values for numerical data and the mode
for binary data from the 20 closest neighboring records.

Thematic Mapping and Spatial Clustering
The age-adjusted rates for breast cancer screening were
integrated into a shapefile of ArcGIS containing 3143 counties
across all 50 states and the District of Columbia. Subsequently,
the data was visualized using the natural break method [14] to
enhance clarity. Using the Getis-Ord Gi statistic [15], we
identified hotspots indicating areas with either high or low
mammography screening rates. This spatial analysis allowed
us to discern localized patterns and trends of breast cancer
screening behavior.
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Machine Learning Analysis
While constructing the predictive model, the response variable
was the mean value of mammography screening rates in 2018
and 2020 for each census tract. The dataset was randomly split
into two parts: 75% was used for training the model, and the
remaining 25% was reserved for testing. This division allowed
us to develop the model using the training data and then assess
its predictive performance on the unseen testing data.

In this study, an ensemble learning algorithm known as random
forest (RF) was employed to model the relationship between
geospatial factors and breast cancer screening rates. Ensemble
learning combines multiple models to improve the overall
prediction accuracy and robustness, which is the rationale for
choosing RF [16].

To enhance the efficacy of the RF model, we conducted a
systematic hyperparameter search, where a predefined grid of
values for the number of trees and the number of variables
sampled at each split were explored to identify the optimal
configuration [17]. We defined a grid of values for the number
of trees and the number of variables sampled at each split.

We utilized the 5-fold cross-validation to evaluate the RF
model’s performance across different combinations of
hyperparameters. In a 5-fold cross-validation, the dataset is split
into 5 subsets, with each subset serving as the validation set
once, while the other 4 subsets are used for training. This process
helps in assessing the model’s generalization ability. The
model’s performance was fine-tuned by selecting the
combination of hyperparameters that minimized the root mean
squared error (RMSE), a metric indicating the average difference
between observed and predicted values. The RMSE is critical
as it directly relates to the model’s prediction accuracy, with
lower values indicating better performance [18].

To benchmark the performance of the RF model, we also
implemented the linear regression (LR) and support vector
machine (SVM) models. The LR provides a straightforward
baseline, while SVM is known for its effectiveness in
high-dimensional spaces. The inclusion of these three algorithms
was motivated by their complementary strengths in handling
different data characteristics, allowing for a comprehensive
comparison of predictive accuracy.

The models were implemented using the Scikit-learn package
in Python, a widely used library for machine learning that
provides efficient tools for model training, evaluation, and
hyperparameter optimization [19].

Following the training process, predictions of breast cancer
screening rates were made on a separate testing set. Model

accuracy was evaluated using metrics such as R² and RMSE. R²

represents the proportion of variance in the dependent variable
explained by the model, serving as an indicator of
goodness-of-fit. RMSE, as previously mentioned, measures the
average difference between predicted and observed values,
providing insight into the model’s prediction error [18].

To interpret the model’s predictions, we calculated Shapley
Additive Explanations (SHAP) values for each feature. SHAP
values provide a detailed understanding of how each feature
contributes to the model’s predictions [20]. By examining the
mean SHAP values, the most influential variables in predicting
breast cancer screening rates were identified. For variables with
average SHAP values exceeding 0.3, scatterplots were created
to explore the direction and magnitude of their effects on
screening rates [21].

Ethical Considerations
The Institutional Review Board at the University of Tennessee
Health Science Center determined that this study
(24‐10240-NHSR) qualifies for Not Human Subjects Research
status as it does not involve human subjects as defined by 45
CFR 46.102. The data used in this study were obtained from
the publicly available BRFSS dataset provided by the CDC. All
study data were aggregated at the census tract level, and no
individual-level data were accessed or analyzed, ensuring
participant anonymity and compliance with ethical standards.

Results

Summary Statistics About Data
Of the 72,337 census tracts nationwide, 49,118 were eligible
for inclusion in our analysis, as they had available
mammography screening data. The mean mammography
screening rate within these census tracts was 77% (SD 3.62) in
2018 and 76.51% (SD 3.71) in 2020. Table 2 provides a detailed
overview of summary statistics for all variables considered in
our analysis, encompassing the 49,118 included census tracts.
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Table . Summary statistics for all dependent and independent variables for 49,118 census tracts included in the analysis.

Census tracts (N=49,118)Missing values, nVariables

77 (3.6)0Mammography rate (2018) (%), mean (SD)

76.5 (3.7)0Mammography rate (2020) (%), mean (SD)

Location n (%)

12,284 (25)0Rural

36,834 (75)0Urban

5,547.38 (13,334.53)0Population density (per square mile), mean (SD)

7.9 (4.0)0Women aged ≥55 years (%), mean (SD)

16.3 (12.5)49Poverty rate (%), mean (SD)

11.47 (7.83)35Without health insurance (%), mean (SD)

28.4 (18.6)4Higher education rate (%), mean (SD)

15.2 (23.6)1Black population (%), mean (SD)

12.7 (18.5)1Hispanic population (%), mean (SD)

203,834 (170,438)727Home value (US $), mean (SD)

0.59 (0.28)82Social vulnerability index, mean (SD)

Primary care shortage, n (%)

28,031 (57.1)0Yes

21,087 (42.9)0No

1.8 (3.2)0Distance to nearest mammography (miles), mean
(SD)

18.1 (28.6)0Number of mammography facilities, mean (SD)

Thematic Mapping and Spatial Clustering
Figures 1A and B illustrate the distribution of breast cancer
screening rates across the 3143 US counties for the years 2018
and 2020, respectively. Regions in the eastern and northern
parts of the country exhibited higher rates of breast cancer
screening (>71%), while counties in the central, midwestern,
and southern areas displayed comparatively lower rates (<63%).
While these visual representations provide valuable insights,
further confidence in the findings is derived from statistical and
spatial analyses.

Figures 1C and D present the outcomes of Getis-Ord Gi statistics
for the clustering of breast cancer screening rates across the
United States in 2018 and 2020, respectively. The red areas

(hotspots) on these maps represent spatial clusters characterized
by high mammography rates, indicating that the screening rates
and their neighboring values significantly surpass those in other
regions. Conversely, the blue areas denote coldspots,
representing spatial clusters with lower screening rates. The
similarity in patterns between the two time points underscores
the reliability of the observations and strengthens the robustness
of the identified spatial clusters. The map also reveals certain
disparities. For instance, counties along the western borders,
such as California, experienced a decline in mammography rates
from 2018 to 2020. Similarly, regions in Indiana, Texas, and
Arkansas saw decreased rates of breast cancer screening during
this period. Conversely, parts of Illinois and Louisiana showed
reported mammography rates from 2018 to 2020.
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Figure 1. Age-adjusted rates of breast cancer screening in US counties for (A) 2018 and (B) 2020. Spatial clusters in (C) 2018 and (D) 2020.

Machine Learning Analysis
Evaluation of the final RF model, along with the LR and SVM

models, based on R2 and RMSE of the testing dataset is
presented in Figure 2. The results indicate that the RF model,
with an optimal number of trees set to 500 and the number of
nodes (m) set to 4, outperforms both LR and SVM. Specifically,

the RF model achieved a higher R² value and a lower RMSE,
indicating its superior ability to capture and predict the
underlying patterns in the data. This performance underscores
the suitability of the RF model for this analysis.

Figure 3 depicts the relative importance of each factor, as
determined by SHAP values, at the census tract level in
predicting the rate of breast cancer screening across the United
States. The mean of SHAP values provides a measure of the
overall contribution of each variable to the model’s predictions.
As evident from Figure 3, the proportion of the Black population
is the most important factor, followed by the number of
mammography facilities within a 10-mile distance and the higher

education rate. For the subsequent analysis, we refined our focus
to variables with SHAP values exceeding 0.3 (the top 6
variables) to assess the direction and magnitude of influence
that each variable exerts on the prediction of breast cancer
screening rates as the variables vary in value.

While assessing variable importance using mean SHAP values
offers crucial insights into the most influential factors in
predicting breast cancer screening rates, it does not elucidate
the direction of their effects on the outcome variable across
different variable values. To address this, we generated
scatterplots of individual SHAP values for the selected six
variables to examine the detailed changes in SHAP values across
varying values of these variables. Figure 4 shows that higher
proportions of the Black population, higher education levels,
an increased number of mammography facilities, and a higher
median home value exhibit positive associations with breast
cancer screening rates. Conversely, a higher proportion of
Hispanic ethnicity and a lack of health insurance demonstrate
negative impacts on the screening rates.
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Figure 2. Comparison of the performance of random forest, linear regression, and SVM models in predicting breast cancer screening rates. RMSE:
root mean squared error; SVM: support vector machine.

Figure 3. SHAP values of each census tract–level factor in predicting the rate of breast cancer screening across the United States. SHAP: Shapley
Additive Explanations.
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Figure 4. Direction of influence illustrated by individual SHAP values on the prediction of breast cancer screening rates for the selected six important
variables. SHAP: Shapley additive explanations.

Discussion

Our research employed a combination of spatial analysis,
statistical methods, and machine learning techniques to elucidate
the disparities in breast cancer screening across the United
States. Spatial patterns revealed clusters of low screening rates,
particularly in central, midwestern, and southern regions,
contrasted with hotspots of mammography rates, particularly
evident along the east coast and in the northern parts of the
United States. A predictive model for breast cancer screening
rates was developed using the RF algorithm. Meanwhile, key
influencing factors for predicting breast cancer screening rates
were identified based on the mean SHAP values, including the
proportion of the Black population, availability of
mammography facilities, and higher education rates.

Spatial clustering identified through Getis-Ord Gi statistics
reinforces the observed patterns and underscores their
persistence across two distinct time points (2018 and 2020).
The consistency of these spatial clusters suggests enduring
factors influencing breast cancer screening behavior in specific
areas, providing valuable information for policy makers and
health care professionals seeking to implement targeted
interventions.

It is crucial to acknowledge that the onset of the COVID-19
pandemic has significantly impacted various aspects of human
life, including breast cancer screening [21]. The pandemic may
have played a role in the decreased mean breast cancer screening
rate of breast cancer from 77% in 2018 to 76.51% in 2020. The
disruption of routine health care services and the challenges
associated with social distancing could have affected
mammography screening rates, particularly in urban areas with
denser populations. However, it is important to consider that
the BRFSS survey focuses on individuals who have undergone

breast cancer screening in the last two years. Consequently,
women who underwent mammography screening in the year
prior to the COVID-19 pandemic could still respond
affirmatively. The influence of COVID-19 on the average rate
and pattern of breast cancer screening may vary significantly
in 2022 and 2023, particularly in cities with higher disease
prevalence. Additional investigations are warranted to
understand the influence of COVID-19 on changes in breast
cancer screening rates across the United States and globally.

Our machine learning analysis that uses an RF model contributes
toward understanding the complex interplay of various factors
influencing breast cancer screening rates. The RF model with
optimal hyperparameters outperformed the LR and SVM
models. The ability of RF to capture complex nonlinear
relationships and interactions among influencing factors aligns
with findings from other population-level studies, highlighting
its superiority in predicting population health outcomes [22,23],
which confirms our choice of RF as the primary model for our
analysis.

While the RF model demonstrated superior performance in
predicting breast cancer screening rates, there is a potential risk
of overfitting, inherent to ensemble methods [24]. To mitigate
this, we implemented cross-validation during the hyperparameter
tuning process and evaluated the model’s performance on a
separate testing dataset to ensure that the RF model maintained
its predictive accuracy on unseen data.

It is particularly noteworthy that a higher proportion of the Black
population within a census tract was positively associated with
increased mammography screening rates. This finding aligns
with a 2022 cancer trends progress report, which revealed that
82% of Black women underwent mammography screening,
while the screening rate was as low as 74% among other ethnic
groups [1]. Possible explanations for this positive association
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may include the effectiveness of targeted public health
interventions and community-based outreach programs
specifically designed to increase awareness and accessibility of
breast cancer screening in these communities. Additionally, it
may reflect a growing awareness and proactive behavior
regarding breast cancer prevention among Black women,
possibly influenced by public health campaigns and community
support networks. Some studies also suggested that when access
to health care is equitable, racial and ethnic minorities who are
often more aware of their heightened risk, may be more likely
to use preventive services like mammography [25]. However,
despite the relatively higher mammography screening rates in
areas with a larger Black population, it is crucial to underscore
that Black women are 40% more likely to die from breast cancer
compared to White women [26]. This disparity could be
attributed to delays in diagnosis and treatment, particularly when
a breast tissue abnormality is identified by mammography
[27,28]

Our findings highlighted the importance of the number of
available mammography facilities within a 10-mile radius,
despite the relatively low SHAP value assigned to the distance
to the nearest facility. A plausible explanation is that proximity
to a facility may not always be a decisive factor, as various
considerations such as affordability and type of insurance can
significantly impact facility selection. Moreover, our research
revealed that the education rate plays a pivotal role in
determining breast cancer screening rates. This finding aligns
with prior studies indicating that American women with lower
educational attainment are less likely to undergo screening [29].
Educational attainment is closely linked to health literacy [27];
women with lower health literacy have a reduced likelihood of
accessing health services, including breast cancer screening
[28]. Moreover, women with lower educational attainment might
face limited employment opportunities and a lack of jobs that
offer access to employee health insurance, leading to a lower
likelihood of consulting physicians who recommend
mammography.

The variables of home value, rate of the Hispanic population,
and rate of the uninsured population exhibited relatively similar
and high SHAP values. Areas with higher home values and

lower uninsured populations tend to have fewer financial barriers
to accessing preventive services. According to existing literature,
Hispanic women exhibit lower rates of breast cancer and
mortality compared to non-Hispanic Black women and
non-Hispanic White women [30]. This disparity could explain
the lower screening rate in census tracts with higher proportions
of Hispanic population.

Variables analyzed in this study are based on estimates from
the CDC PLACES project, which uses a multilevel regression
and poststratification approach. This method combines
individual-level BRFSS data with demographic data from the
US Census to produce reliable estimates at small geographic
levels, including census tracts. The multilevel regression and
poststratification method has been validated against direct survey
data, ensuring that the aggregated rates at the census tract level
are both stable and accurate for our analysis [31].

Our study has several limitations. The use of cross-sectional
data restricts our capacity to establish causality, underscoring
the importance of future research examining temporal changes
in breast cancer screening rates. Moreover, as is inherent in all
self-reported sample surveys, the BRFSS data may be
susceptible to systematic errors stemming from noncoverage,
nonresponse, or measurement bias. It is imperative to note that
our study was conducted at an aggregate level; therefore,
prudence is advised when extrapolating individual-level
conclusions. The ecological fallacy, a key concern in population
studies, underscores the necessity of avoiding assumptions about
individual behaviors based solely on group-level observations.

This study provides a comprehensive analysis of breast cancer
screening disparities in the United States, combining spatial,
statistical, and machine learning approaches. The spatial patterns
and influential factors identified in this study offer valuable
insights for policy makers, health care professionals, and
researchers striving to implement targeted interventions to
reduce breast cancer screening disparities and improve overall
public health outcomes. Ongoing research and targeted
interventions are vital for achieving equitable access to breast
cancer screening services and ultimately reducing the impact
of this significant health issue.
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Abstract

Background: Early-stage breast cancer has the complex challenge of carrying a favorable prognosis with multiple treatment
options, including breast-conserving surgery (BCS) or mastectomy. Social media is increasingly used as a source of information
and as a decision tool for patients, and awareness of these conversations is important for patient counseling.

Objective: The goal of this study was to compare sentiments and associated emotions in social media discussions surrounding
BCS and mastectomy using natural language processing (NLP).

Methods: Reddit posts and comments from the Reddit subreddit r/breastcancer and associated metadata were collected using
pushshift.io. Overall, 105,231 paragraphs across 59,416 posts and comments from 2011 to 2021 were collected and analyzed.
Paragraphs were processed through the Apache Clinical Text Analysis Knowledge Extraction System and identified as discussing
BCS or mastectomy based on physician-defined Systematized Nomenclature of Medicine Clinical Terms (SNOMED CT) concepts.
Paragraphs were analyzed with a VADER (Valence Aware Dictionary for Sentiment Reasoning) compound sentiment score
(ranging from −1 to 1, corresponding to negativity or positivity) and GoEmotions scores (0‐1) corresponding to the intensity
of 27 different emotions and neutrality.

Results: Of the 105,231 paragraphs, there were 7306 (6.94% of those analyzed) paragraphs mentioning BCS and mastectomy
(2729 and 5476, respectively). Discussion of both increased over time, with BCS outpacing mastectomy. The median sentiment
score for all discussions analyzed in aggregate became more positive over time. In specific analyses by topic, positive sentiments
for discussions with mastectomy mentions increased over time; however, discussions with BCS-specific mentions did not show
a similar trend and remained overall neutral. Compared to BCS, conversations about mastectomy tended to have more positive
sentiments. The most commonly identified emotions included neutrality, gratitude, caring, approval, and optimism. Anger,
annoyance, disappointment, disgust, and joy increased for BCS over time.

Conclusions: Patients are increasingly participating in breast cancer therapy discussions with a web-based community. While
discussions surrounding mastectomy became increasingly positive, BCS discussions did not show the same trend. This mirrors
national clinical trends in the United States, with the increasing use of mastectomy over BCS in early-stage breast cancer.
Recognizing sentiments and emotions surrounding the decision-making process can facilitate patient-centric and emotionally
sensitive treatment recommendations.

(JMIR Cancer 2025;11:e52886)   doi:10.2196/52886
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Introduction

Early-stage breast cancer has the complex challenge of carrying
a favorable prognosis with multiple treatment options, including
breast-conserving surgery (BCS) or mastectomy. Treatment
decisions are therefore driven by patient preferences, making
information gathering and decision analysis critical. Multiple
randomized trials have shown that locoregional recurrence and
survival rates are similar with breast-conserving therapy (BCT)
or mastectomy, with recent data even suggesting improved
survival with BCT [1,2]. Nonetheless, trends indicate that
women with early-stage, nonhereditary breast cancer are
increasingly choosing mastectomy [3].

Many factors contribute to patient decision-making for cancer
therapy, including the growing influence of social media.
Several previous studies have investigated the use of online
forums and social media by patients with breast cancer [4-8].
As many as 77% of patients with breast cancer cite the internet
as their primary information source [9]. Additionally, patients
who are frequent users of online communication and social
media tools experience increased decision-satisfaction [10].
Additionally, large language models, including ChatGPT, are
being increasingly used by patients for medical decision making.
As social media data, including that from Reddit, are used to
train these models, these discussions are relevant to the
information that patients receive [11,12].

There are limited data characterizing social media conversations
surrounding the decision regarding BCS or mastectomy, which
is important to understand to gain insights into national trends
in the United States and inform the counseling process. We
applied sentiment and emotion analyses with natural language
processing (NLP) approaches to a popular breast cancer online
community to compare the sentiments and associated emotions
around conversations of BCS and mastectomy.

Methods

Data Source
The moderated Reddit subreddit r/breastcancer was created on
December 3, 2011, and is self-described as “a support and
information group for people who have been diagnosed with
breast cancer and for their caregivers and loved ones.” As of
January 2023, it had 13,700 subscribed members. Out of all
internet users, 8% of men and 4% of women used Reddit; of
those, 11% were aged 18‐29 years, 7% were aged 30‐39
years, 2% were aged 50‐64 years, and 2% were aged 65+ years
[13]. We selected Reddit for social and technical reasons, as it
is anonymous, public, open, and interaction-centric. Reddit text
is also frequently used to train NLP algorithms, reducing
concerns about model applicability.

All posts, comments, and metadata from r/breastcancer from
2011 to 2021 were collected using pushshift.io [14]. Pushshift.io
is a public social media archiving platform with real-time Reddit
data for social media research. As of March 20, 2024, it has 908
citations according to Google Scholar. Data from Pushshift.io
were accessed on February 4, 2022.

Data Preprocessing and Topic Identification
These posts and comments were separated into paragraphs based
on line breaks to separate topics for analysis. We applied the
Apache cTAKES (Clinical Text Analysis Knowledge Extraction
System) v. 4.0.0 default clinical pipeline to identify mentions
of BCS- or mastectomy-related terms mapped to the
Systematized Nomenclature of Medicine Clinical Terms
(SNOMED CT). cTAKES is an NLP software with multiple
parts designed to process clinical free text. It had a sentence
boundary detector, tokenizer, normalizer, part-of-speech tagger,
shallow parser, and a named entity recognition annotator with
negation. SNOMED keywords related to BCS or mastectomy
were identified by a physician author (DYS). Examples of
SNOMED words or phrases used in this analysis include simple
mastectomy, bilateral mastectomy, and modified radical
mastectomy as mastectomy keywords and lumpectomy, excision
biopsy, and segmental mastectomy as BCS keywords. Analyses
of paragraphs were based on references to BCS or mastectomy,
nonexclusively. Paragraphs containing mentions of both were
attributed to both treatments in the analysis.

Sentiment Analysis
Paragraphs (as a whole) were analyzed using VADER (Valence
Aware Dictionary for Sentiment Reasoning) to generate
compound sentiment scores from −1 to 1 (negative to positive).
VADER is a popular sentiment analysis model trained on social
media text, with performance comparable to more complex
approaches and advantages of computational efficiency,
explainability, and domain agnosticism or generalizability [12].

Emotion Classification
GoEmotions is the largest human-annotated dataset of
fine-grained emotions, with 58,000 Reddit comments labeled
for 27 emotions and neutrality [11]. We applied a publicly
available BERT (Bidirectional Encoder Representations from
Transformers) model from Google Research [15]. GoEmotions
generates a score from 0 to 1 based on the intensity of the
detected emotion. A paragraph was considered to express an
emotion if its score was >0.5, as used in intensity annotations
in the original GoEmotions benchmark studies [11].

Statistics were aggregated longitudinally for summary statistics
per year. Years 2011 to 2014 had less than 100 posts discussing
BCS or mastectomy; years 2011‐2017 were pooled due to
limited sample size. Sentiment scores were compared between
BCS and mastectomy using a 2-tailed Student t test. Emotions
across treatments were visualized using radar charts.

Ethical Considerations
The study data used in this analysis are anonymous, public, and
open source. Therefore, there is minimal risk to performing
these analyses. This study was approved by the University of
San Francisco institutional review board, where the data
collection and analyses were performed (IRB #21‐35353).

Results

A total of 59,416 posts with 105,231 paragraphs on
r/breastcancer, which were posted by 5845 users, were analyzed.
There were 2729 mentions of BCS and 5476 mentions of
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mastectomy, nonexclusively. Post volume increased over time
(5282 in 2011‐2017 to 44,235 in 2021). Words per paragraph
had a slight increase over time, from a median of 28 (IQR
11‐53) words per line in 2011‐2017 to 26 (IQR 11‐49) in
2018, 28 (IQR 12‐50) in 2019, 30 (IQR 14‐55) in 2020, and
30 (IQR 14‐54) in 2021. The median number of comments
per user was 2 (IQR 1‐7).

Discussion of both BCS and mastectomy increased over time,
but BCS outpaced mastectomy, with an increasing ratio of BCS
to mastectomy mentions (0.312 in 2011‐2017 to 0.583 in
2021). The median (IQR) sentiment score for all discussions
became more positive annually: 0 (IQR –0.361 to 0.624) in
2011‐2017 to 0.288 (–0.223 to 0.701) in 2021. Positive
sentiments for mastectomy generally increased over time:
median of 0 (IQR –0.599 to 0.726) in 2011‐2017 to a median
of 0.178 (IQR –0.511 to 0.73) in 2021. Similarly, the proportion
of positive mastectomy-related discussions increased annually
from 48.1% (151/314) in 2011‐2017 to 53.3% (1107/2076)
in 2021. Discussion of BCS remained neutral—median 0 (IQR
–0.494 to 0.523) to median 0.039 (IQR –0.511 to 0.642)—and
the proportion of positive BCS discussions did not show a
similar trend year-to-year: 43.9% (43/98) in 2011-2017 to 52.3%
(139/266) in 2019, and stable in 2021 to 50.7% (614/1211).
Compared to BCS, conversations about mastectomy were more

positive (P=.02), driven primarily by differences in
2021—median 0.178 (IQR –0.511 to 0.73) for mastectomy vs
median 0.039 (IQR –0.511 to 0.642) for BCS, with P=.049.

The most common emotions across r/breastcancer were
neutrality, gratitude, caring, approval, and optimism. The most
common emotions for both BCS and mastectomy were similar:
neutrality (BCS: 1001/2729, 36.68%; mastectomy: 1973/5476,
36.03%), caring (BCS: 242/2729, 8.87%; mastectomy:
547/5476, 9.99%), approval (BCS: 267/2729, 9.78%;
mastectomy: 492/5476, 8.98%), realization (BCS: 284/2729,
10.41%; mastectomy: 542/5476, 9.9%), and curiosity (BCS:
237/2729, 8.68%; mastectomy: 459/5476, 8.38%) (Figure 1).
Six emotions increased over time for all posts: approval
(2011‐2017: 354/5282, 6.7%; 2021: 4176/44,235, 9.44%),
amusement (2011‐2017: 34/5282, 0.64%; 2021: 677/44,235,
1.53%), desire (2011‐2017: 37/5282, 0.7%; 2021: 552/44,235,
1.25%), disappointment (2011‐2017: 64/5282, 1.21%; 2021:
787/44,235, 1.78%), excitement (2011‐2017: 23/2729, 0.44%;
2021: 477/44,235, 1.08%), and realization (2011‐2017:
259/5282, 4.9%; 2021: 2902/44,235, 6.56%). Fear (2011‐2017:
203/5282, 3.84%; 2021: 1223/44,235, 2.76%) and neutrality
(2011‐2017: 2144/5282, 40.59%; 2021: 14,514/44,235,
32.81%) decreased over time (Table 1).
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Figure 1. Radar chart of average emotion score across breast-conserving surgery (BCS) and mastectomy posts, respectively.
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Table . Comparison of emotion trends.a

Mastectomy, n/N (%)Breast conservation, n/N
(%)

All messages, n/N (%)Emotion

Amusement

67/5476 (1.22)32/2729 (1.17)1379/105,231 (1.31)Overall

2/314 (0.64)0/98 (0)34/5282 (0.64)2011‐2017

3/410 (0.73)3/174 (1.72)59/8144 (0.72)2018

10/673 (1.49)1/266 (0.38)109/11,943 (0.91)2019

32/2003 (1.6)16/980 (1.63)500/35,627 (1.4)2020

20/2076 (0.96)12/1211 (0.99)677/44,235 (1.53)2021

Anger

20/5476 (0.37)9/2729 (0.33)762/105,231 (0.72)Overall

1/314 (0.32)0/98 (0)48/5282 (0.91)2011‐2017

2/410 (0.49)0/174 (0)65/8144 (0.8)2018

1/673 (0.15)0/266 (0)68/11,943 (0.57)2019

5/2003 (0.25)4/980 (0.41)245/35,627 (0.69)2020

11/2076 (0.53)5/1211 (0.41)336/44,235 (0.76)2021

Annoyance

42/5476 (0.77)21/2729 (0.77)1536/105,231 (1.46)Overall

3/314 (0.96)0/98 (0)66/5282 (1.25)2011‐2017

1/410 (0.24)0/174 (0)105/8144 (1.29)2018

7/673 (1.04)1/266 (0.38)177/11,943 (1.48)2019

12/2003 (0.6)5/980 (0.51)487/35,627 (1.37)2020

19/2076 (0.92)15/1211 (1.24)701/44,235 (1.58)2021

Approval

492/5476 (8.98)267/2729 (9.78)9515/105,231 (9.04)Overall

19/314 (6.05)9/98 (9.18)354/5282 (6.7)2011‐2017

41/410 (10)15/174 (8.62)647/8144 (7.94)2018

60/673 (8.92)23/266 (8.65)1010/11,943 (8.46)2019

184/2003 (9.19)979/980 (9.9)3328/35,627 (9.34)2020

188/2076 (9.06)123/1211 (10.16)4176/44,235 (9.44)2021

Caring

547/5476 (9.99)242/2729 (8.87)11,640/105,231 (11.06)Overall

39/314 (12.42)9/98 (9.18)562/5282 (10.64)2011‐2017

61/410 (14.88)23/174 (13.22)1062/8144 (13.04)2018

50/673 (7.43)21/266 (7.89)1353/11,943 (11.33)2019

199/2003 (9.94)97/980 (9.9)3958/35,627 (11.11)2020

198/2076 (9.54)92/1211 (7.6)4705/44,235 (10.64)2021

Curiosity

459/5476 (8.38)237/2729 (8.68)6973/105,231 (6.63)Overall

35/314 (11.15)11/98 (11.22)429/5282 (8.12)2011‐2017

28/410 (6.83)14/174 (8.05)567/8144 (6.93)2018

44/673 (6.54)24/266 (9.02)724/11,943 (6.06)2019

167/2003 (8.34)84/980 (8.57)2263/35,627 (6.35)2020
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Mastectomy, n/N (%)Breast conservation, n/N
(%)

All messages, n/N (%)Emotion

185/2076 (8.91)104/1211 (8.59)2993/44,235 (6.77)2021

Desire

92/5476 (1.68)39/2729 (1.43)1139/105,231 (1.08)Overall

3/314 (0.96)1/98 (1.02)37/5282 (0.7)2011‐2017

6/410 (1.46)3/174 (1.72)72/8144 (0.88)2018

8/673 (1.19)3/266 (1.13)107/11,943 (0.9)2019

38/2003 (1.9)17/980 (1.73)371/35,627 (1.04)2020

37/2076 (1.78)15/1211 (1.24)552/44,235 (1.25)2021

Disappointment

64/5476 (1.17)30/2729 (1.1)1696/105,231 (1.61)Overall

3/314 (0.96)0/98 (0)64/5282 (1.21)2011‐2017

3/410 (0.73)1/174 (0.57)106/8144 (1.3)2018

7/673 (1.04)2/266 (0.75)174/11,943 (1.46)2019

24/2003 (1.2)9/980 (0.92)565/35,627 (1.59)2020

27/2076 (1.3)18/1211 (1.49)787/44,235 (1.78)2021

Disgust

30/5476 (0.55)10/2729 (0.37)630/105,231 (0.6)Overall

0/314 (0)0/98 (0)20/5282 (0.38)2011‐2017

5/410 (1.22)0/174 (0)35/8144 (0.43)2018

7/673 (1.04)1/266 (0.38)81/11,943 (0.68)2019

9/2003 (0.45)4/980 (0.41)193/35,627 (0.54)2020

9/2076 (0.43)5/1211 (0.41)301/44,235 (0.68)2021

Embarrassment

8/5476 (0.15)2/2729 (0.07)171/105,231 (0.16)Overall

0/314 (0)0/98 (0)9/5282 (0.17)2011‐2017

1/410 (0.24)0/174 (0)3/8144 (0.04)2018

0/673 (0)0/266 (0)19/11,943 (0.16)2019

1/2003 (0.05)0/980 (0)55/35,627 (0.15)2020

6/2076 (0.29)2/1211 (0.17)85/44,235 (0.19)2021

Excitement

28/5476 (0.51)9/2729 (0.33)933/105,231 (0.89)Overall

2/314 (0.64)0/98 (0)23/5282 (0.44)2011‐2017

2/410 (0.49)0/174 (0)37/8144 (0.45)2018

4/673 (0.59)0/266 (0)91/11,943 (0.76)2019

10/2003 (0.5)5/980 (0.51)305/35,627 (0.86)2020

10/2076 (0.48)4/1211 (0.33)477/44,235 (1.08)2021

Fear

247/5476 (4.51)118/2729 (4.32)3223/105,231 (3.06)Overall

18/314 (5.73)2/98 (2.04)203/5282 (3.84)2011‐2017

26/410 (6.34)4/174 (2.3)283/8144 (3.47)2018

26/673 (3.86)10/266 (3.76)396/11,943 (3.32)2019

95/2003 (4.74)50/980 (5.1)1118/35,627 (3.14)2020
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Mastectomy, n/N (%)Breast conservation, n/N
(%)

All messages, n/N (%)Emotion

82/2076 (3.95)52/1211 (4.29)1223/44,235 (2.76)2021

Joy

162/5476 (2.96)48/2729 (1.76)2392/105,231 (2.27)Overall

8/314 (2.55)0/98 (0)97/5282 (1.84)2011‐2017

14/410 (3.41)2/174 (1.15)136/8144 (1.67)2018

20/673 (2.97)4/266 (1.5)234/11,943 (1.96)2019

60/2003 (3)18/980 (1.84)786/35,627 (2.21)2020

60/2076 (2.89)24/1211 (1.98)1139/44,235 (2.57)2021

Love

89/5476 (1.63)24/2729 (0.88)2095/105,231 (1.99)Overall

9/314 (2.87)0/98 (0)96/5282 (1.82)2011‐2017

9/410 (2.2)0/174 (0)113/8144 (1.39)2018

7/673 (1.04)3/266 (1.13)178/11,943 (1.49)2019

31/2003 (1.55)7/980 (0.71)678/35,627 (1.9)2020

33/2076 (1.59)14/1211 (1.16)1030/44,235 (2.33)2021

Nervousness

85/5476 (1.55)57/2729 (2.09)1218/105,231 (1.16)Overall

5/314 (1.59)1/98 (1.02)68/5282 (1.29)2011‐2017

2/410 (0.49)2/174 (1.15)109/8144 (1.34)2018

6/673 (0.89)5/266 (1.88)155/11,943 (1.3)2019

29/2003 (1.45)22/980 (2.24)404/35,627 (1.13)2020

43/2076 (2.07)27/1211 (2.23)482/44,235 (1.09)2021

Neutral

1973/5476 (36.03)1001/2729 (36.68)36,373/105,231 (34.56)Overall

116/314 (36.94)39/98 (39.8)2144/5282 (40.59)2011‐2017

148/410 (36.1)66/174 (37.93)3166/8144 (38.8)2018

288/673 (42.79)102/266 (38.35)4502/11,943 (37.7)2019

689/2003 (34.4)336/980 (34.29)12,047/35,627 (33.81)2020

732/2076 (35.26)458/1211 (37.82)14,514/44,235 (32.81)2021

Pride

5/5476 (0.09)0/2729 (0)91/105,231 (0.09)Overall

0/314 (0)0/98 (0)5/5282 (0.09)2011‐2017

1/410 (0.24)0/174 (0)4/8144 (0.05)2018

0/673 (0)0/266 (0)9/11,943 (0.08)2019

2/2003 (0.1)0/980 (0)34/35,627 (0.1)2020

2/2076 (0.1)0/1211 (0)39/44,235 (0.09)2021

Realization

542/5476 (9.9)284/2729 (10.41)6602/105,231 (6.27)Overall

27/314 (8.6)10/98 (10.2)259/5282 (4.9)2011‐2017

39/410 (9.51)19/174 (10.92)438/8144 (5.38)2018

70/673 (10.4)29/266 (10.9)744/11,943 (6.23)2019

198/2003 (9.89)100/980 (10.2)2259/35,627 (6.34)2020
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Mastectomy, n/N (%)Breast conservation, n/N
(%)

All messages, n/N (%)Emotion

208/2076 (10.02)126/1211 (10.4)2902/44,235 (6.56)2021

aComparison of emotion trends overall and over time across all paragraphs and separated by breast conservation or mastectomy, nonexclusively, in
r/breastcancer.

Five emotions became increasingly prevalent for BCS, although
they were rare: anger (2011‐2017: 0/98, 0%; 2021: 5/1211,
0.41%), annoyance (2011‐2017: 0/98, 0%; 2021: 15/1211,
1.24%), disappointment (2011‐2017: 0/98, 0%; 2021: 18/1211,
1.49%), disgust (2011‐2017: 0/98, 0%; 2021: 5/1211, 0.41%),
and joy (2011‐2017: 0/98, 0%; 2021: 24/1211, 1.98%). No
emotions showed a consistent trend for mastectomy-related
posts (Table 1). Additionally, after 2017, realization and
nervousness were more common for BCS than mastectomy
annually. Realization, approval, and caring were the most
strongly expressed emotions across both BCS (top decile scores:
0.52, 0.48, and 0.43, respectively) and mastectomy (top decile
scores: 0.49, 0.41, and 0.5), with breast conservation being more
associated with optimism (top decile score: 0.33).

Discussion

Principal Findings
Building upon past research in sentiment analysis of online
discussions about breast cancer [4,5,16], NLP identified
differences in social media discussions across BCS and
mastectomy, reflecting trends reported clinically. Compared to
previous studies [4,5,16] conducting sentiment analyses of
online forums discussing cancer, our work focused specifically
on surgical management options for patients with breast cancer.
Our distinct NLP approaches identified that discussions
surrounding mastectomy became increasingly positive over
time, corresponding with concordant emotions. These findings
are consistent with multiple studies that have found a growing
trend of patients with early-stage breast cancer choosing
mastectomy over BCS [3,17]. While it is not feasible to
determine the reason for the observed increase in positive
sentiments for mastectomy mentions based on the data available
in this study, it does indicate a parallel with real-world patient
decision-making.

Discussion in this breast cancer–specific forum increased
substantially over time, confirming that patients are increasingly
using social media as a resource. BCS and mastectomy-related
posting increased, emphasizing trends in content-specific

information. In a recent survey study, patients reported that their
cancer diagnosis prompted them to join social media platforms,
and over 80% of respondents reported using social media to
gather information online [9]. The predominance of objectivity
(neutrality emotion) and informative (realization and curiosity)
emotions supports these findings.

Evidence surrounding treatment choice for early-stage breast
cancer suggests the decision to pursue mastectomy over BCS
is often driven by fear of recurrence and secondary cancers [18].
Our application of NLP identifies this in the online setting, with
BCS posts more likely to express nervousness. Negative
emotions such as anger, annoyance, disappointment, and disgust
also became increasingly prevalent over time in BCS posts.

This study is limited by confounders. While VADER and
GoEmotions are specifically developed for social media text
and based on complementary approaches, they also may reflect
inaccuracies and biases based on limitations in their training.
Moreover, sentiments cannot be explicitly attributed to the topics
themselves, but rather to the paragraphs associated with specific
treatments. Nevertheless, these paragraphs likely reflect related
discussions around each of these treatments or some aspect of
related care.

These findings provide unique insight into patient
decision-making. Social media reflects real-time discussions in
a natural setting with less filtered discussion of patient concerns
and experiences. Recognizing the sentiments and emotions
expressed surrounding the treatment, the decision-making
process can help clinicians create patient-centric
recommendations.

Conclusion
As social media becomes more pervasive, patients are
increasingly discussing options for breast cancer therapy online.
NLP can characterize these candid online patient discussions
at scale and help clinicians identify barriers to treatment
decisions and strengthen counseling for patients. Additional
studies will be required to see if ongoing social media sentiment
trends continue to track patient decisions.
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Abstract

Background: Breast cancer is a major health concern in various countries. Routine mammography screening has been shown
to reduce breast cancer mortality, and Japan has set national targets to improve screening participation and increase public attention.
However, collecting nationwide data on public attention and activity is not easy. Google Trends can reveal changes in societal
interest, yet there are no reports on the relationship between internet search volume and nationwide participation rates in Japan.

Objective: This study aims to reveal and discuss the relationship between public awareness and actual behavior in breast cancer
screening by examining trends in internet search volume for the keyword “breast cancer screening” and participation rates over
a decade-long period.

Methods: This time-series study evaluated the association between internet search volume and breast cancer screening participation
behavior among women aged 60‐69 years in Japan from 2009 to 2019. Relative search volume (RSV) data for the search term
“breast cancer screening (nyuugan-kenshin)” were extracted from Google Trends as internet search volume. Breast cancer
screening and further assessment participation rates were based on government municipal screening data. Joinpoint regression
analyses were conducted with weighted BIC to evaluate the time trends. An ethics review was not required because all data were
open.

Results: The RSV for “breast cancer screening (nyuugan-kenshin)” peaked in June 2017 (100) and showed clear spikes in June
2016 (94), September (69), and October (77) 2015. No RSVs above 60 were observed except around these three specific periods,
and the average RSV for the entire period was 30.7 (SD 16.2). Two statistically significant joinpoints were detected, rising in
December 2013 and falling in June 2017. Screening participation rates showed a temporary increase in 2015 in a slowly decreasing
trend, and no joinpoints were detected. Further assessment participation rates showed a temporary spike in 2015 in the middle
of an increasing trend, with a statistically significant point of slowing increase detected in 2015. Post hoc manual searches revealed
that Japanese celebrities’ breast cancer diagnoses were announced on the relevant dates, and many Japanese media reports were
found.

Conclusions: This study found a notable association between internet search activity and celebrity cancer media reports and a
temporal association with screening participation in breast cancer screening in Japan. Celebrity cancer media reports triggered
internet searches for cancer screening, but this did not lead to long-term changes in screening participation behavior. This finding
suggests what information needs to be provided to citizens to encourage participation in screening.

(JMIR Cancer 2025;11:e64020)   doi:10.2196/64020

KEYWORDS

breast cancer; cancer screening; internet use; mass media; public health surveillance; health belief model; mammography;
awareness; Japanese; Google

Introduction

Breast cancer is a major health concern that affects large
numbers of women in various countries. It is the most common
cancer in women, with approximately 2.3 million new cases

diagnosed and 680,000 deaths reported in 2020 [1,2]. The
disease burden of breast cancer is also high in Japan. The
age-adjusted incidence rate of breast cancer continues to increase
every year, and it has been reported that breast cancer accounts
for about 20% of all cancers in women in Japan [3,4]. As Japan’s
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population ages, the burden of breast cancer is predicted to
increase [5].

Several studies have indicated the efficacy of mammography
screening for breast cancer in reducing the burden of breast
cancer. Routine mammography screening has been shown to
reduce breast cancer mortality by 25%‐31% [6,7]. The
long-term effects of mammography have also been shown in a
30-year follow-up study [8]. In Japan, national policy
recommends biennial mammography for breast cancer screening
in women older than 40 years [9]. Therefore, screening is a
practical approach to reducing the long-term burden of breast
cancer, and its importance is increasing in Japan.

Cancer screening programs in Japan are divided into two main
types: municipal screening and workplace screening.
Municipalities conduct screenings, and information is collected
by the Ministry of Health, Labor, and Welfare and made
available to the public. This is the only data on cancer screening
for all regions in Japan for which the government reports actual
statistics annually. This report includes data on screening and
further assessment participation. The participation rate is the
proportion of the target population that receives the primary
screening test, which in the case of breast cancer screening is
mammography. The further assessment participation rate is the
proportion of women who, after a positive screening test result,
receive the following test to confirm the diagnosis: fine needle
aspiration cytology or core needle biopsy in breast cancer
screening. Even if a person participates in screening, the
effectiveness of cancer screening will not be fully realized unless
the screening-positive person receives a further assessment. The
further assessment participation rate is an important indicator,
as is the screening participation rate. Japan has set national
targets to improve screening participation, further assessment
participation, and increase public attention to the importance
of cancer screening [10]. Understanding the public’s attention
and behavior around cancer screening is critical to improving
screening participation rates. However, it is not easy to collect
nationwide data on public attention and activity to assess the
association with screening participation.

Internet search volume has recently become one of the most
valuable tools for exploring human interests and behavior.
Google Trends is a popular open web-based tool that quantifies
changes in internet search volume for a given term based on
actual Google search history [11,12]. Google Trends is used for
academic research in fields as diverse as social science,
economics, language, and medicine and can also reveal changes
in societal interest in public health issues [13]. Google Trends
initially focused on detecting infectious disease outbreaks, and
past studies have reported early detection of influenza outbreaks
[14].

Google Trends is now expected to be used in noncommunicable
disease areas such as mental health and preventive behaviors
and is a potential source of information for understanding the
public’s interest in and behaviors around cancer screening [15].
Malaysia reported a significant correlation between Google
Trends search patterns and Pink Ribbon Month, a breast cancer
awareness campaign [16]. Among several internet search
engines, Google was also shown to have the best search validity

(regarding whether a web page could be opened) for breast
cancer screening information [17]. In contrast, a previous
Japanese study analyzed trends in cervical cancer and reported
no change in public interest during the cervical cancer awareness
month [18].

Therefore, there is considerable interest in the relationship
between internet search activity and cancer screening. In Japan,
it would be valuable to determine the relationship between
public attention to cancer screening and participation rates at
the national level to understand public awareness and behavior.
However, there are no reports on the relationship between
changes in internet search volume and long-term trends in
nationwide participation rates in Japan.

This study examined the relationship between public awareness
and actual behavior in breast cancer screening at the national
level. This study is the first report in Japan to reveal and discuss
the background of the relationship between trends in internet
search volume for the keyword “breast cancer screening” and
participation rates over a decade-long period. As an example
of the application of epidemiologic research using internet
search volume, this approach could provide knowledge for
promoting cancer screening and providing appropriate
information.

Methods

Study Design
This time-series study uses internet search volume and national
cancer screening statistics. Internet search volume targets those
who conducted searches in Japanese using Google in Japan.
Cancer screening data targets municipal screening in Japan.
Both data are openly available on the web.

Data Sources (Internet Search Volume)
Google Trends is a data tool that publishes the volume of
keyword searches worldwide in Google Search, an internet
search engine, since 2004. This tool allows users to access the
relative search volume (RSV) but not the absolute number of
searches. RSV is calculated on a scale of 0 to 100 based on the
volume with the most searches per unit of time in the defined
region, period, category, and search term. For example, RSV=30
means 30% of the highest search volume observed within a
given condition. RSVs can assess changes in interest in a
particular term by showing the relative value of search volume
trends over time.

The search term was “nyuugan-kenshin,” which means “breast
cancer screening” in Japanese. Monthly RSV data from the
Google Trends platform were retrieved on September 17, 2023.
Since the Japanese term “nyuugan-kenshin” is written as one
continuous word without any spaces, we did not enclose it in
quotes when using it in Google Trends. Because Google Trends
does not provide a “Topic” option for the Japanese term
“nyuugan-kenshin,” we used the “Search Term” option instead.
It was set to Japan as the target region and 2009‐2019 as the
target period. To ensure that all possible contexts in which the
term might appear were captured, we set “All categories” as the
“Category” and “Web Search” as the “Search Type.”
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If a significant trend increase was observed, a post hoc manual
search was conducted using the “Related Keywords” feature of
Google Trends to see if any socially essential media reports
might be related to the increase.

Data Sources (Cancer Screening)
For cancer screening, this study included screening participation
rates and further assessment participation rates in municipal
screening for breast cancer in Japan from 2009 to 2019.
Municipal screening does not include individuals who participate
in workplace screening. Consequently, when calculating
screening participation rates for ages 40 years and older using
the population as the denominator, workplace screening
participants are excluded from the numerator. This omission
can lead to fluctuations in time-series data, for example, if there
is a change over time in the proportion of working individuals.
Furthermore, when participation rates differ by age group, they
are also affected by changes in the age distribution over time.
To eliminate this effect as much as possible and to improve the
time-series analysis’s validity, the calculation of participation
rates was restricted to women aged 60‐69, who are mainly
retired. The number of participants in screening, positive cases
in screening, and further assessment participants were obtained
from the “Report on Regional Public Health Services and Health
Promotion Services” by the Ministry of Health, Labor, and
Welfare [19]. Population data were obtained from the Statistics
Bureau of the Ministry of Internal Affairs and Communications
[20]. Screening participation rates were calculated by dividing
the number of screening participants by the population of women
in the target age group. The further assessment participation
rates were calculated by dividing the number of further
assessment participants by the number of positive screening
cases. The recommended interval for breast cancer screening
in Japan is once every two years, and the original “screening
participation rates” are calculated by considering the number
of participants screened for two years. However, this calculation
method equalizes two years of information and may not detect
sensitive value changes. As this study aimed to detect changes
over time rather than absolute assessments, “screening
participation rates” were defined as calculated values per
one-year period and used in the analyses.

Statistical Analysis
Joinpoint regression analyses were performed to assess RSV
trends quantitatively. This analysis is an appropriate way to
examine data over time and statistically detect points of change
in gradient [21]. The software used was the Joinpoint Regression
Program (version 5.0.2, Statistical Research and Applications
Branch, National Cancer Institute) [22]. The statistical method
used for joinpoint detection was weighted BIC, a standard
method in Program version 5.0 and later. Weighted BIC is the
most flexible and adaptable method for various situations in
this software. Joinpoint regression analysis requires many
computing resources, and the calculation time depends on the
maximum number of detectable joinpoints set before the
calculation. This analysis’s maximum number of joinpoints was
set to 3 due to calculation time. Changing the maximum number
of joinpoints can alter the significance level for individual tests
and potentially change the number of joinpoints in the optimal
model [22]. When no joinpoints were detected in the initial
analysis, we conducted additional analyses with the maximum
number set to two and one. The statistical significance level for
joinpoint detection was set to 0.05.

Ethical Considerations
This study was conducted per the principles of the Declaration
of Helsinki. An ethics review was not required because all data
used in this study were open. For this type of study, formal
consent is not required.

Results

Internet Search Volume
Figure 1 shows the trend of RSVs for the search term “breast
cancer screening (nyuugan-kenshin)” from 2009 to 2019. The
RSV peaked in June 2017 (100) and showed clear spikes in
June 2016 (94), September 2015 (69), and October 2015 (77).
No RSVs above 60 were observed except around these three
specific periods. The average RSV for the entire period was
30.7 (SD 16.2). Figure 2 shows the results of the joinpoint
regression analysis for RSVs. Two statistically significant
joinpoints were detected, rising in December 2013 and falling
in June 2017.

JMIR Cancer 2025 | vol. 11 | e64020 | p.777https://cancer.jmir.org/2025/1/e64020
(page number not for citation purposes)

Takahashi et alJMIR CANCER

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Figure 1. Monthly “breast cancer screening (nyuugan-kenshin)” relative search volumes in Japan from 2009 to 2019, based on Google Trends. The
black arrows show the timing of media reports on the celebrities’ breast cancer diagnoses or passing.

Figure 2. Joinpoint regression analysis of the monthly “breast cancer screening (nyuugan-kenshin)” relative search volumes in Japan from 2009 to
2019. Two significant joinpoints were detected (December 2013 and June 2017). The black arrows show the timing of media reports on the celebrities’
breast cancer diagnoses or passing.
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Cancer Screening Participation
Figure 3 shows the trend of breast cancer screening participation
rates from 2009 to 2019. Visual observation shows a temporary
increase in 2015 in the slowly decreasing trend. Figure 4 shows

the results of the joinpoint analysis for screening participation
rates. No joinpoints were detected. Even in additional analyses
with the maximum number set to two or one, no joinpoints were
detected.

Figure 3. Annual breast cancer screening participation rates (mammography) among Japanese women aged 60‐69 years from 2009 to 2019, based
on municipal screening data. The rate is the proportion of screening participants in the target population.
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Figure 4. Joinpoint regression analysis of the annual breast cancer screening participation rates (mammography) among Japanese women aged 60‐69
years from 2009 to 2019. No joinpoints were detected.

Figure 5 shows the trend of further assessment participation
rates for breast cancer screening from 2009 to 2019. Visual
observation shows a temporary spike in 2015 in the middle of
an increasing trend. Figure 6 shows the result of the joinpoint
analysis for further assessment participation rates. While the

trend has been increasing for the entire period, a statistically
significant point of slowing increase was detected in 2015. The
year 2015 was the maximum for screening and further
assessment participation rates, except for 2009 and 2019, the
two ends of the period covered.
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Figure 5. Annual breast cancer screening further assessment participation rates among Japanese women aged 60‐69 years from 2009 to 2019, based
on municipal screening data. The rate is the proportion of women who received fine needle aspiration cytology or core needle biopsy following a positive
screening result.

Figure 6. Joinpoint regression analysis of the annual breast cancer screening further assessment participation rates among Japanese women aged 60‐69
years from 2009 to 2019. One significant joinpoint was detected in 2015.
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Post Hoc Manual Search
When RSV spiked in 2015, 2016, and 2017, three periods were
explored post hoc. A detailed review of the RSV data
downloaded from Google Trends, restricting the period
specified, revealed a notable spike on September 23 and 24,
2015, June 9, 2016, and June 23, 2017. The day’s news and
Google Trends “Related Keywords” were manually searched
for these three periods. For the term “nyuugan-kenshin,” only
general keywords such as “examination,” “cost,”
“mammography,” “breastfeeding,” and “symptoms” were
suggested on each of the relevant dates. In contrast, as “Related
Keywords” for “nyuugan (breast cancer)” on September 23 and
24, 2015, a Japanese celebrity, AH, was suggested as a
nonmedical term. A Google search limited to the same period
revealed that her breast cancer incidence was announced on
September 23, 2015, and many Japanese media reports were
found. In the same way, the Japanese celebrity MK’s breast
cancer incidence was announced on June 9, 2016, and her
passing on June 23, 2017, confirmed many media reports.

Discussion

General Interpretation of the Results
We conducted a time-series study for 2009‐2019 on Japanese
internet search volume and breast cancer screening data for
60‐69-year-olds. Internet search RSVs for “breast cancer
screening” spiked notably in three specific periods in September
2015, June 2016, and June 2017. The joinpoint analysis for
RSVs revealed two joinpoints in December 2013 and June 2017,
showing an increase over the period, including the spikes
mentioned above. The 10-year trend in internet searches for
breast cancer screening was dynamically changing, down, up,
and down. The joinpoint of screening data was not detected for
screening participation rates but was detected in 2015 for further
assessment. Upon examination of Figure 5, it might be
reasonable to interpret this as a temporary increase in 2015 and
a return to the original trend from 2016 onwards. Indeed, the
screening and further assessment participation rates reached
their maximum in 2015, except for 2009 and 2019, the two ends
of the period covered. A post hoc search for the timing of the
three RSV spikes from 2015 to 2017 was consistent with the
dates of media reports of breast cancer incidences and the
passing of Japanese celebrities.

It is worth noting that 2015 marked the timing of the first media
reports on celebrities, the first notable increase in RSVs, and
the short-term maximum in the screening and further assessment
participation rates. In particular, the consistency of the three
dates between celebrity media reports and search trends is
evident. RSV provided by Google Trends is not an absolute
number of searches but a relative measure of the maximum
number of searches scaled to 100 within a defined period.
Therefore, if there is even one moment of drastic increase in
search, RSV for the rest of the period will be relatively low.
The fact that the average volume for the entire period in this
analysis was 30.7 (SD 16.2) highlights the magnitude of the
three spikes. Many individuals became interested in breast
cancer screening when AH and MK were featured in the media,
which probably triggered internet search behavior. Additionally,

screening and further assessment participation rates increased
temporarily in 2015, suggesting some individuals may have
engaged in screening participation behaviors. Celebrity media
reports may have influenced individuals, leading to search and
screening participation behavior. This contrasts with a previous
Japanese study that showed no association between cervical
cancer awareness months and RSVs for “cervical cancer” [18].

However, screening and further assessment participation rates
showed only a temporary spike in 2015 and did not increase
the long-term trend. RSVs also declined after the 2017 joinpoint.
These findings provide insight into the mechanisms necessary
for citizens to be concerned about, act on, and maintain their
health. To interpret this study’s results, referring to the findings
of established behavioral models and previous studies would
be appropriate.

Interpretation Based on the Health Belief Model
Participation behavior in cancer screening has been a critical
subject of study in the Health Belief Model (HBM). HBM is a
theoretical model in the behavioral sciences that aims to explain,
predict, and promote individual health behaviors. This model
was developed in the 1950s to understand the factors
determining participation in immunization and screening
[23-25]. HBM considers that individual health behaviors are
determined by the interaction of six factors: “perceived
susceptibility,” “perceived severity,” “perceived benefits,”
“perceived barriers,” “self-efficacy,” and “cues to action.” The
model is widely used to design education and promotion
programs for health activities. In cancer screening, the model
has been primarily used to improve participation in colorectal
cancer screening and has been validated in several randomized
controlled trials [26,27]. Recently, there has been much research
on breast cancer screening [28-33].

It would be meaningful to interpret the results of this study
based on HBM. In the media reports, AH was 48 years old, and
MK was 32 when they were diagnosed. Consecutive media
reports of breast cancer in young celebrities may have caused
“perceived susceptibility” among the public. MK passed away
about a year after her diagnosis was announced. The sad
outcome of the celebrity, which had been worrying through
media reports, would have caused “perceived severity” for the
public. Indeed, the RSV peaked on June 23, 2017, when MK’s
passing was announced. MK’s weblog about her fight against
breast cancer has attracted attention in Japan and around the
world, and she was named one of the BBC’s 100 Women of
the Year in 2016 [34,35]. Citizen exposure to a series of media
reports may have fulfilled these elements in the HBM.
Additionally, for those who were already aware of
“susceptibility” and “severity,” media reports on the cancer of
celebrities may have become “cues to action” to help them take
action.

There have been several reports on the impact of celebrity cancer
media reports on the behavior of citizens [36,37]. In Australia,
mammography screening appointments increased by 40% in
the two weeks following media reports of singer Kylie
Minogue’s breast cancer diagnosis [38]. In the United States,
Angelina Jolie’s decision to share her experience with the
increased risk of breast and ovarian cancer due to BRCA1 gene
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mutations has improved public awareness of the disease and
increased genetic testing and breast cancer screening. In
particular, Angelina Jolie’s influence was reported to be related
to “perceived susceptibility” and “cues to action,” which are
elements of HBM [39,40].

These reports illustrate the appropriateness of interpreting the
impact of personal cancer experiences and narratives on people’s
emotions and behaviors based on the HBM. The findings on
these effects support the validity of the interpretation that the
two celebrities’ media reports were elements of “perceived
susceptibility,” “perceived susceptibility,” and “cues to action”
in the HBM.

Importance of Removing Barriers
Conversely, information that provides “perceived benefits” or
“self-efficacy” for screening or removes “perceived barriers”
is not directly included in the celebrity cancer media reports.
In contrast to the case of Angelina Jolie, where there is a direct
link between her actions and the benefits of preventive behavior,
there is a gap in logic between media reports of celebrity breast
cancer and the benefits of screening participation. For internet
users, there are few barriers to search action. However, there
are significant barriers to screening participation on an entirely
different level than internet searches. To participate in screening,
citizens must confirm the possible dates, times, locations, and
costs, make an appointment, and go to mass screening sites or
hospitals. Media reports and internet search activity showed a
direct relationship, while screening participation behavior
showed a limited response. This suggests that information from
media reports and internet searches did not remove barriers to
screening participation. Some citizens who participated in
screenings triggered by the media reports may not have
continued to behave because they were unaware of the benefits.
This finding of limited participation versus notable search
activity highlights the importance of removing “perceived
barriers” in the HBM component. This study’s post hoc manual
search was limited to breast cancer information for 10 years. In
today’s Japan, where approximately half of the population will
be diagnosed with some form of cancer in their lifetime, media
reports on celebrities provide citizens with many opportunities
to perceive the susceptibility and severity of cancer.
Nonetheless, information to remove barriers does not occur
unless someone intends it. The importance of “perceived
barriers” in HBM elements has long been recognized [41]. A
meta-analysis of 18 communication campaigns shows that
“perceived benefits” and “perceived barriers” were consistently
the most robust predictors [42]. This study supports the idea
that removing barriers is an essential public action to encourage
healthy behaviors.

Limitations and Strengths of This Study
There are several limitations to this study. First, there is a
restriction due to the time-series analysis design. It is unknown
whether specific individuals were exposed to media reports,
performed search actions, or participated in screening because
this is a comparison through time for the whole population. It
is important to note that the results indicate only an association,
and do not necessarily imply a causal relationship among
celebrity news, search spikes, and screening uptake. Various

real-world factors, such as concurrent public health campaigns
or medical policies, could have influenced the keyword search
volume, the screening participation rate, or both. Even if there
is a match between exposure and outcome for an individual, it
does not prove causation because confounding by unknown
factors cannot be ruled out. Given this study’s data sources and
design, directly evaluating causality is complex and remains an
issue for future research.

Second, there is a lack of data on workplace screening. Japan’s
cancer screening programs are divided into municipal screening
and workplace screening. Due to incomplete legislation on
workplace screening, data have not been collected and published
for the entire country, and it was necessary to use only municipal
screening data. In this study, to remove the effect of the lack of
workplace screening data as much as possible, the age range
for calculating participation rates was restricted to 60‐69 years
so that retirees would represent most of the population. Due to
this restriction, the generalizability of the screening data is
limited. In the future, once workplace screening data becomes
available, it will be necessary to include those data in the
analysis to more accurately evaluate trends in screening
participation rates among the working population.

Third, the coverage of Google Trends data. Given that the RSV
is based on Google search data, it does not reflect the interests
of populations that do not use Google or internet search. The
percentage of Japanese aged 60‐69 years using the internet
increased from 71.6% (60-64) and 58% (65-69) in 2009 to
90.5% (60-69) in 2019 [43]. This percentage and time change
may have affected the results. Even if internet use was high
enough in the age group 60s, RSV is an indicator that includes
all ages and does not necessarily reflect search activity in the
60s. Furthermore, even if they use internet search, they may use
a search engine other than Google. As of 2019, Google
accounted for 92% of the global market share for internet search
engines, 93% in Europe and 89% in North America, whereas
in Japan, it was 75% [44]. While there is no doubt that Google
holds the top market share in Japan, unlike Baidu in China or
Yandex in Russia, its relatively lower share compared to
Western regions could influence the validity of Google Trends
data [45]. Further, an absolute assessment is impossible since
RSV is a relative measure for a given period and search term.

Fourth, some of the methods and interpretations of this study
were post hoc. In the analysis phase of this study, we found a
marked increase in the RSV data for the keyword “breast cancer
screening” in three specific periods. To explore background
information, we performed a post hoc manual search and found
that the media reports of the celebrity matched the RSV spikes.
This manual search was not planned at the time the study was
designed. Because these manual searches and discussions
involve the arbitrariness of the researcher, careful attention
should be paid to the validity of the interpretation of the results.

Furthermore, one possible reason that no joinpoints were
detected for screening participation rates is that the limited
number of data points may not have provided sufficient
statistical power. To analyze one or more joinpoints, at least
seven data points need to be observed [22]. Although this study
had 11 data points for both screening and further assessment
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participation rates, exceeding seven, the number of data points
may still have been insufficient for detecting any joinpoints.

Despite these limitations, there are strengths to this study.
Google Trends, an internet search volume, is a limited source
of information that directly reflects changes in the preferences
and interests of the entire population over time. Media reports
related to changes in internet search volume will be revealed
after data analysis. Therefore, the type of study that follows
participants prospectively cannot discuss what this study did.
Retrospective studies that question about past exposures may
cause recall or information bias due to the validity of the
questionnaire. Internet search volume has none of these biases
and selection biases for study enrollment, so it directly reflects
citizens’ actual preferences. The screening data also have no
self-reporting bias because they are actual values reported to
the government by municipalities. This study design is
conducive to exploring what influences public interest in cancer
screening and leads to participation behavior.

Practical Considerations and Future Implications
We found that internet search volume for “breast cancer
screening” was notably associated with media reports of the
celebrity’s cancer and was temporally associated with
participation in screening. Although caution is needed in
interpreting causal relationships, it is worth noting that the three
periods in which the spike in internet search volume occurred
match the media reports of the celebrities. It is reasonable to
assume that media reports clearly impacted search activity. The

results also showed barriers to screening participation and
limitations to explaining behavior only by internet search
volume. Established “model” and “effect” in behavioral
medicine could describe these associations and limitations.
Importantly, pragmatic data without educational intervention
or questionnaire surveys supported these effects. This finding
suggests that internet search volume is valuable for deciphering
individuals’ behavior. Internet search volume can also help
verify the effectiveness of efficacy findings confirmed by
exploratory methods, such as intervention trials, with real-world
data. Although it is essential to evaluate various potential biases
in internet search volume, with an understanding of its
limitations, using it for epidemiologic studies will continue to
be beneficial and may suggest improvements in public health
policy and risk communication.

Conclusions
The public impact of celebrity cancer media reports found in
this study will lead to the development of information and
awareness methods to improve and sustain participation in
cancer screening. A colorectal cancer awareness campaign
conducted on television by Katie Couric, a well-known
American television anchor, was associated with an increase in
colonoscopy use [46]. The results of this study support the
potential for such celebrity publicity for preventive health
programs to be temporarily effective in Japan. If doing so,
information on removing barriers should be included to
maximize and sustain the effect.
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Abstract

Background: Breast cancer is prevalent among females in the United States. Nonmetastatic disease is treated by partial or
complete mastectomy procedures. However, the rates of those procedures vary across practices. Generating real-world evidence
on breast cancer surgery could lead to improved and consistent practices. We investigated the quality of data from the All of Us
Research Program, which is a precision medicine initiative that collected real-world electronic health care data from different
sites in the United States both retrospectively and prospectively to participant enrollment.

Objective: The paper aims to determine whether All of Us data are fit for use in generating real-world evidence on mastectomy
procedures.

Methods: Our mastectomy phenotype consisted of adult female participants who had CPT4 (Current Procedural Terminology
4), ICD-9 (International Classification of Diseases, Ninth Revision) procedure, or SNOMED (Systematized Nomenclature of
Medicine) codes for a partial or complete mastectomy procedure that mapped to Observational Medical Outcomes Partnership
Common Data Model concepts. We evaluated the phenotype with a data quality dimensions (DQD) framework that consisted of
5 elements: conformance, completeness, concordance, plausibility, and temporality. Also, we applied a previously developed
DQD checklist to evaluate concept selection, internal verification, and external validation for each dimension. We compared the
DQD of our cohort to a control group of adult women who did not have a mastectomy procedure. Our subgroup analysis compared
partial to complete mastectomy procedure phenotypes.

Results: There were 4175 female participants aged 18 years or older in the partial or complete mastectomy cohort, and 168,226
participants in the control cohort. The geospatial distribution of our cohort varied across states. For example, our cohort consisted
of 835 (20%) participants from Massachusetts, but multiple other states contributed fewer than 20 participants. We compared the
sociodemographic characteristics of the partial (n=2607) and complete (n=1568) mastectomy subgroups. Those groups differed

in the distribution of age at procedure (P<.001), education (P=.02), and income (P=.03) levels, as per χ2 analysis. A total of 367
(9.9%) participants in our cohort had overlapping CPT4 and SNOMED codes for a mastectomy, and 63 (1.5%) had overlapping
ICD-9 procedure and SNOMED codes. The prevalence of breast cancer–related concepts was higher in our cohort compared to
the control group (P<.001). In both the partial and complete mastectomy subgroups, the correlations among concepts were
consistent with the clinical management of breast cancer. The median time between biopsy and mastectomy was 5.5 (IQR 3.5-11.2)
weeks. Although we did not have external benchmark comparisons, we were able to evaluate concept selection and internal
verification for all domains.

Conclusions: Our data quality framework was implemented successfully on a mastectomy phenotype. Our systematic approach
identified data missingness. Moreover, the framework allowed us to differentiate breast-conserving therapy and complete
mastectomy subgroups in the All of Us data.

(JMIR Cancer 2025;11:e59298)   doi:10.2196/59298

KEYWORDS

data quality; electronic health record; breast cancer; breast-conserving surgery; total mastectomy; modified radical mastectomy;
public health informatics; cohort; assessment; women; United States; American; nonmetastatic disease; treatment; breast cancer
surgery; real-world evidence; data; mastectomy; female; data quality framework; therapy
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Introduction

Breast cancer is one of the most common forms of cancer in
females worldwide and has a lifetime prevalence of 13%. The
incidence in the United States is estimated to be greater than
297,000 women annually and increases with patient age [1,2].
In addition to patient age, breast cancer risk factors include
BMI, early age of menarche, late age of menopause, family
history or genetic risk, and environmental exposures [3].

Nonmetastatic breast cancer is treated surgically, and
approximately 30% of patients have a complete mastectomy.
An alternative to a complete mastectomy is breast-conserving
therapy (BCT), which consists of breast-conserving surgery and
radiation therapy [4]. In multiple randomized controlled trials,
BCT has been shown to have similar long-term disease-free
survival to a complete mastectomy [5-8].

A recent systematic review found that patients’ choice of
surgical treatment was multifaceted. Some factors that were
associated with patients choosing a mastectomy over BCT were
related to tumor characteristics and pathology. Others were
sociodemographic or individual belief factors, such as body
image, aversion to radiation, and physician preference [9]. In a
prospective study of 180 patients, surgeons’ preference was the
strongest predictor of surgical treatment [10]. Accordingly, there
is a need to compare a complete mastectomy to a partial
mastectomy, the surgical component of BCT that encompasses
lumpectomy, quadrantectomy, and other BCT-related surgical
interventions.

We believe that a robust characterization of partial and complete
mastectomy patients with data from the All of Us Research
Program could generate valuable real-world evidence regarding
breast cancer treatment and be used to provide evidence towards
best practices for patients with the disease. The All of Us
Research Program has electronic health records (EHRs) on more
than 287,000 patients from 50 health care organizations within
the United States. The program does targeted enrollment of
groups that are underrepresented in biomedical research.
Because the All of Us Research Program is one of the most
comprehensive and diverse observational health care databases
worldwide, those findings would represent real-world data
associated with partial or complete mastectomy procedures [11].

Accordingly, to date, we are unaware of a study assessing the
fitness for the use of All of Us and focusing on mastectomy as
a treatment modality. Accordingly, the primary objective of this
study is to determine whether the All of Us data are fit for an
analysis of women who had a mastectomy.

Methods

Observational Medical Outcomes Partnership
Common Data Model
The Observational Medical Outcomes Partnership Common
Data Model (OMOP CDM) is the data standard used by the All
of Us Research Program. The OMOP CDM consists of
standardized concepts and relationships, allowing for
harmonizing data from different sources. OMOP CDM concepts

use codes from structured medical terminologies as the source
(eg, CPT4 [Current Procedural Terminology 4], ICD-9
[International Classification of Diseases, Ninth Revision], and
LOINC [Logical Observation Identifiers Names and Codes]).
The schema consists of standardized concept relationships across
data tables [12-14].

We created partial and complete mastectomy phenotypes by
manual selection. First, we selected CPT4, ICD-9 procedure,
and SNOMED (Systematized Nomenclature of Medicine) codes
for those procedures manually. We chose CPT4, ICD-9
procedure, and SNOMED source codes because these are the
standards that are used by the OMOP CDM. Then, we searched
ATHENA for the corresponding OMOP CDM concepts [15].
The partial and complete mastectomy OMOP CDM concept
sets were the basis for our phenotype queries. Additionally, we
restricted the phenotype to the earliest occurrence of a procedure
and to female participants who were at least 18 years or older
at the time of the procedure.

Primary Outcomes and Variables

Overview
We developed a data quality dimensions (DQD) framework and
evaluation matrix that was adapted from Kahn et al [16]. The
framework comprises 5 mutually exclusive and parsimonious
dimensions that can be operationalized and applied to a
mastectomy cohort as primary outcome variables: conformance,
completeness, concordance, plausibility, and temporality. A
prior study applied these dimensions to a ductal carcinoma in
situ cohort data quality analysis [17].

DQD Framework
Concomitantly, we evaluated the application of the DQD
framework to a mastectomy cohort. Each framework element
was evaluated with respect to concept selection, internal
verification, and external validation. The overarching principles
of assessing the DQD include internal characteristics, described
by Kahn et al [16] as verification; comparing external
benchmarks as validation; and applying descriptive, inferential,
and agreement statistics and data visualization. In practice, a
researcher would decide whether the data associated with their
constructed cohort meets their expectations for fitness of use
based on the rating matrix [18]. For the DQD analysis, we
selected OMOP CDM concepts related to risk factors and the
medical management of breast cancer. Specifically, we included
concepts that included but were not limited to breast cancer
diagnoses, breast biopsies, screening and diagnostic breast
imaging, endocrine therapy, anti–human epidermal growth
factor receptor 2 (anti-HER2) therapy, tyrosine kinase inhibitors,
chemotherapy, radiation therapy, laboratory measurements, and
genetic risk factors [19,20]. Many of our codes had been
validated in a prior ductal carcinoma in situ study [17].
Furthermore, a surgical oncologist (SLG) reviewed those codes,
confirmed their appropriateness, and recommended additional
codes for our analysis. Representative codes are shown in the
supplemental appendix (Tables S1-S8 in Multimedia Appendix
1).
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Sociodemographic Characterization and Geospatial
Analysis
We characterized the geospatial distribution of the mastectomy
cohort participants based on state address at the time of
enrollment. Also, we characterized the mastectomy cohort, the
partial and complete mastectomy subgroups, and control cohort
according to sex at birth, race or ethnicity, age group, education,
and income.

Analysis
All of Us participants enrolled between May 6, 2017, and July
1, 2022, provided consent to participate and had the option to
authorize sharing of their EHRs. Upon enrollment, participants
were required to fill out a basic self-reported survey, which
includes information on sociodemographic characteristics, and
could also consent to have additional data submitted to the
program, including data from biospecimens, genomic sequences,
and wearable data. All analyses presented in this paper used the
All of Us Controlled Tier Dataset v7, released on April 20, 2023.
The source data were formatted to be compatible with OMOP
CDM (version 5.3.1) [21]. Additionally, the data curation team
modified some of the drug table schemas for optimal use with
All of Us data. Accordingly, we modified our queries to
maximize the capture of drug exposure data. Missing data were
not included in the analysis and we did not make statistical
adjustments for missingness.

All programming and statistical analyses were performed in
Python (version 3.7.12) and were implemented in a Jupyter
Notebook (version 6.5.4). We used chi-squared statistics to test
for independent association, Spearman coefficients to measure
bivariate correlations, and data visualization to explore the
application of the DQD. The level of significant differences
was set at P<.05.

Ethical Considerations
The All of Us Research Program complies with multiple ethical
considerations. First, it has an institutional review board (IRB)
that reviews the protocol, informed consent, and other
participant-facing materials for the All of Us Research Program.
The IRB follows the regulations and guidance of the Office for
Human Research Protections for all studies [22]. The All of Us
IRB determined that the data that were used in this analysis
were considered non–human subjects’ research. Second,

participants are provided with information on how the program
operates, reasonable expectations, and participants’ rights.
Participants who agree to enroll sign consent forms [23]. Third,
All of Us participants’data are removed of identifiers and coded
to protect their privacy before they are made available to
researchers. Reidentification or recontacting of participants is
prohibited, and governance mechanisms ensure protection
against reidentification or recontact of participants [24]. Fourth,
All of Us participants who give blood, saliva, or urine samples
receive a one-time compensation of US $25 [25]. Otherwise,
no direct compensation is provided. Fifth, this paper is not
focused on imaging, and thus we have not included any images
in the supplemental material. In addition, we censor counts that
are less than or equal to 20 to comply with program requirements
for minimizing disclosure risk. Data and code used in this study
are available as a featured workspace to registered researchers
of the All of Us Researcher Workbench [26].

Results

Sample
In the All of Us database, 249,565 participants consented to
participate in the study, were at least 18 years old, and selected
assigned as female at birth in the All of Us “Basics” self-reported
questionnaire. Of those, 172,401 (69%) signed an authorization
to share clinical data and had at least one data record in a
participating EHR. We created a cohort of 4175 (2.4%) patients
with mastectomy procedures and a control cohort of 168,226
(97.6%) female participants who did not have a mastectomy.
Out of the 4175 female participants who had mastectomy
procedures, 316 (7.6%) had both partial and complete
mastectomy procedures. The first occurrence of the procedure
code was used for subgroup assignment.

We plotted the mastectomy (partial or complete) cohort’s
geospatial distribution to assess whether our cohort was
distributed equally across the United States (Figure 1). A total
of 835 (20%) participants of our cohort had medical records
from Massachusetts, 656 (15.7%) from Arizona, 547 (13.1%)
from Wisconsin, 468 (11.2%) from California, 386 (9.3%) from
New York, 369 (8.8%) from Illinois, 245 (5.9%) from Florida,
and 197 (5.9%) from Michigan. Many states had mastectomy
cases for fewer than 20 participants in our cohort and were not
reported due to disclosure risk guidelines.
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Figure 1. Geospatial analysis of a mastectomy cohort (partial or complete). States with a white-gray fill color contributed no participants to the cohort.
Data source: The All of Us research program.

Table 1 provides a breakdown of the cohort by sex at birth, race
or ethnicity, age group, education, and income by partial
(n=2607) and complete (n=1568) mastectomy. Among the
participants who underwent partial or complete mastectomy,
the majority were white (66.9% and 70.4%, respectively), with
procedures peaking between 40 and 79 years (89.5% and 82.6%,

respectively), differ in achieving college or higher degree
(52.2% and 58%, respectively), and household income greater
or equal to 100k (27% and 32.3%, respectively). A similar
sociodemographic comparison was performed for the
mastectomy cohort and the control group (Table S8 in
Multimedia Appendix 1).
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Table . Sociodemographic characteristics of All of Us partial and complete mastectomy cohorts.

P valueComplete mastectomy, n (%)Partial mastectomy, n (%)Demographic category

—aAssigned sex at birth

1568 (100)2607 (100)Female

.14Race or ethnicityb

55 (3.5)80 (3.1)Asian

180 (11.5)380 (14.6)Black

226 (14.4)379 (14.5)Hispanic

n≤2030 (1.2)Middle East and North Africa, Na-
tive Hawaiians, and Pacific Is-
landers

1104 (70.4)1744 (66.9)White

28 (1.8)47 (1.8)Prefer not to answer, or skip

n≤2027 (1.0)None of these

<.001Age at procedure (years)

258 (16.5)187 (7.2)18‐39

851 (54.3)1140 (43.7)40‐59

444 (28.3)1193 (45.8)60‐79

n≤2087 (3.3)≥80 or <18

.02Education

n≤2021 (0.8)Never attended or grades 1 through
4 (primary)

23 (1.5)47 (1.8)Grades 5 through 8 (middle school)

52 (3.3)89 (3.4)Grades 9 through 11 (some high
school)

187 (11.9)346 (13.3)Grade 12 or GEDc (high school
graduate)

365 (23.3)705 (27.0)College 1 to 3 (some college, asso-
ciate’s degree, or technical school)

454 (29.0)713 (27.4)College graduate

456 (29.0)647 (24.8)Advanced degree (Master’s, Doctor-
ate, etc)

n≤2039 (1.5)Prefer not to answer, or skip

.03Annual household income (US $)

89 (5.7)199 (7.6)Less than 10k

149 (9.5)243 (9.3)10k-25k

91 (5.8)173 (6.6)25k-35k

110 (7.0)202 (7.8)35k-50k

168 (10.7)289 (11.1)50k-75k

162 (10.3)270 (10.4)75k-100k

199 (12.7)311 (11.9)100k-150k

120 (7.7)149 (5.7)150k-200k

186 (11.9)246 (9.4)More than 200k

223 (14.2)390 (15.0)Prefer not to answer

71 (4.5)135 (5.2)Skip

aNot applicable.
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bMore than one race or ethnicity category could have been selected.
cGED: General Educational Development.

Conformance
Data elements can be assessed according to standards. The All
of Us Program uses SNOMED as a standard vocabulary. We
created a butterfly plot to determine the overlap between CPT4,
ICD-9 procedure, and SNOMED procedure codes, as shown in
Figure 2. Of the 4175 female participants in our cohort, 3376
(80.9%) had CPT4 codes only, 313 (7.5%) had both CPT4 and
SNOMED codes, 176 (3.2%) had CPT4 and ICD-9 procedure
codes, and 63 (1.5%) had ICD-9 procedure and SNOMED
codes. A total of 54 (1.3%) female participants had overlapping
CPT4, SNOMED, and ICD-9 procedure codes (Figure 2). Thus,
the overlap among standards was low.

To characterize the source data variance in the standards, we
calculated the counts of the partial or complete mastectomy
CPT4 codes in our cohort (Table 2). Of the 50 EHR-contributing
All of Us sites, 24 reported mastectomy CPT4 codes. CPT4 code
19301 (“mastectomy, partial”) was reported the most frequently
by every site that contributed data to our cohort. The sets of
distinct CPT4 codes that each site reported varied substantially,
with the median site using 6 different CPT4 codes. We used
data from within our cohort to verify conformance. However,
we did not validate this dimension against an external
benchmark because one was not available.

Figure 2. The butterfly plot of CPT4 (left), SNOMED (top right), and ICD-9 (bottom right) mastectomy procedure codes. CPT4: Current Procedural
Terminology 4; ICD-9: International Classification of Diseases, Ninth Revision; SNOMED: Systematized Nomenclature of Medicine. Data source:
The All of Us research program.
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Table . Mastectomy Current Procedural Terminology 4 (CPT4) counts by code. Codes with ≤10 counts were omitted. Data source: The All of Us
research program.

CountCPT4 code

236619301a

130419303b

35819307c

16019302d

12619160e

5319180f

4819162g

4419304h

3519240i

aCPT4 code 19301=mastectomy, partial (eg, lumpectomy, tylectomy, quadrantectomy, and segmentectomy).
bCPT4 code 19303=mastectomy, simple, complete.
cCPT4 code 19307=mastectomy, modified radical, including axillary lymph nodes, with or without pectoralis minor muscle, but excluding pectoralis
major muscle CPT4.
dCPT4 code 19302=mastectomy, partial (eg, lumpectomy, tylectomy, quadrantectomy, segmentectomy); with axillary lymphadenectomy.
eCPT4 code 19160=mastectomy, partial.
fCPT4 code 19180=mastectomy, simple, complete.
gCPT4 code 19162=mastectomy, partial, with axillary lymphadenectomy.
hCPT4 code 19304=mastectomy, subcutaneous.
iCPT4 code 19240=mastectomy, modified radical, including axillary lymph nodes, with or without pectoralis minor muscle, but excluding pectoralis
major muscle.

Completeness
We used concept prevalence within our cohort to evaluate data
completeness. Table 3 shows the counts and percentages of
female participants who did and did not have partial or complete
mastectomy procedures, for which each specific clinical measure
and intervention was present in the All of Us EHR at least once.
The participants in our partial or complete mastectomy cohort
had a higher prevalence of breast cancer associated OMOP

CDM concepts compared to female control cohort participants
who did not have a partial or complete mastectomy code.
Specifically, comparing females who had a partial or complete
mastectomy to females who had neither showed increased
prevalence of diagnostic mammography (70.7% vs 13.5%),
biopsy (61.2% vs 3.3%), or endocrine therapy (51% vs 1.8%),

or chemotherapy (25.1% vs 4.3%). A χ2 test indicated that
partial or complete mastectomy procedures were associated
with clinical measures and interventions (P<.001).
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Table . Clinical measures and interventions for female participants who had a mastectomy and who did not have a mastectomy. Data source: The All
of Us research program.

P valueNonmastectomy cohort, n (%)Mastectomy cohort, n (%)Clinical measure

<.001Procedures

5625 (3.3)2554 (61.2)Breast biopsy

22,731 (13.5)2951 (70.7)Diagnostic mammography

1644 (1.0)1656 (39.7)Radiation therapy

45,071 (26.8)2143 (51.3)Screening mammography

0 (0)4175 (100.0)Surgery

<.001Medications

151 (0.1)221 (5.3)Anti-HER2a

138 (0.1)60 (1.4)CDKb 4/6 inhibitors

7152 (4.3)1046 (25.1)Chemotherapy

3109 (1.8)2130 (51.0)Endocrine therapy

91 (0.1)106 (2.5)Goserelin

41 (<0.1)≤20Olaparib

162 (0.1)≤20Pembrolizumab

277 (0.2)50 (1.2)Tyrosine kinase inhibitor

<.001Conditions

903 (0.5)435 (10.4)Breast cancer gene mutation

180 (0.1)235 (5.7)Estrogen receptor status

aanti-HER2: anti–human epidermal growth factor receptor 2.
bCDK: cyclin-dependent kinase.

Table 4 shows the counts and percentages for the partial and
complete mastectomy subgroups. Each specific clinical measure
and intervention was in the All of Us EHR at least once. The
partial mastectomy subgroup, compared to the complete
mastectomy subgroup, had a greater proportion of radiation
therapy (49.4% vs 23.5%), endocrine therapy (54.7% vs 44.9%),
screening mammography (58.8% vs 39%), and diagnostic

mammography (77.5% vs 59.3%). By contrast, the complete
mastectomy group when compared to the partial mastectomy
subgroup had a greater proportion of breast cancer gene (BRCA)

mutations (18%vs 5.8%). A χ2 test indicated that partial and
complete mastectomy subgroup categories were associated with
clinical measures and interventions (P<.001).
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Table . Clinical measures and interventions for female participants who had a partial mastectomy and who had a complete mastectomy. Data source:
The All of Us research program.

P valueComplete mastectomy, n (%)Partial mastectomy, n (%)Clinical measure

<.001Procedures

826 (52.7)1728 (66.3)Breast biopsy

930 (59.3)2021 (77.5)Diagnostic mammography

368 (23.5)1288 (49.4)Radiation therapy

611 (39.0)1532 (58.8)Screening mammography

1568 (100.0)2607 (100.0)Surgery

<.001Medications

110 (7.0)111 (4.3)Anti-HER2a

29 (1.8)31 (1.2)CDKb 4/6 inhibitors

472 (30.1)574 (22.0)Chemotherapy

704 (44.9)1426 (54.7)Endocrine therapy

55 (3.5)51 (2.0)Goserelin

≤20≤20Olaparib

≤20≤20Pembrolizumab

23 (1.5)27 (1.0)Tyrosine kinase inhibitor

<.001Conditions

283 (18.0)152 (5.8)Breast cancer gene mutation

73 (4.7)162 (6.2)Estrogen receptor status

aanti-HER2: anti–human epidermal growth factor receptor 2.
bCDK: cyclin-dependent kinase.

To further characterize completeness, we used UpSet plots
(Figures 3 and 4) to assess which combinations of clinical
measurements and interventions were prevalent among
participants in the partial and complete mastectomy subgroups.
The plots show the counts of the concept sets on the left-hand

side, and the counts of concept set combinations at the top. The
makeup of the combinations is indicated by the dotted lines
below. The most frequent combinations in the partial
mastectomy subgroup are presented in Textbox 1.

Textbox 1. The most frequent combinations in the partial mastectomy subgroup.

• Combination 1: Surgery, diagnostic mammography, biopsy, screening mammography, endocrine therapy, and radiation therapy (298 cases)

• Combination 2: Surgery, diagnostic mammography, biopsy, screening mammography, and endocrine therapy (188 cases)

• Combination 3: Surgery, diagnostic mammography, biopsy, and screening mammography (174 cases)
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Figure 3. Bar chart (top) and UpSet plot (bottom) of breast cancer–related diagnosis codes, procedures, medications, and genetic tests in female
participants who had a partial mastectomy. Data source: The All of Us research program. anti-HER2: anti–human epidermal growth factor receptor 2;
BRCA: breast cancer gene; CDK: cyclin-dependent kinase.
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Figure 4. Bar chart (top) and UpSet plot (bottom) of breast cancer–related diagnosis codes, procedures, medications, and genetic tests in female
participants who had a complete mastectomy. Data source: The All of Us research program. anti-HER2: anti–human epidermal growth factor receptor
2; BRCA: breast cancer gene; CDK: cyclin-dependent kinase.

We did not validate completeness because external benchmarks
were not available.

The most frequent combinations in the complete mastectomy
subgroup are presented in Textbox 2.

Textbox 2. The most frequent combinations in the complete mastectomy subgroup.

• Combination 1: Surgery (184 cases)

• Combination 2: Surgery, diagnostic mammography, biopsy, screening mammography, and endocrine therapy (95 cases)

• Combination 3: Surgery, diagnostic mammography, and biopsy (71 cases)
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Concordance
We calculated the bivariate correlations between OMOP CDM
concepts for clinical measures and interventions in the partial
and complete mastectomy subgroups to measure concordance
(Figures 5 and 6). The highest bivariate correlations for the
partial mastectomy subgroup were between biopsy and
diagnostic mammography (r=0.36) and chemotherapy and

anti-HER2 therapy (r=0.36). We also calculated the bivariate
correlations for the complete mastectomy subgroup; the highest
bivariate correlations were between biopsy and diagnostic
mammography (r=0.43), radiation therapy and chemotherapy
(r=0.38), screening mammography and diagnostic
mammography (r=0.37), and chemotherapy and anti-HER2
therapy (r=0.34).

Figure 5. Correlogram of medications, procedures, and genetic tests in the subgroup of partial mastectomy patients. Data source: The All of Us research
program. anti-HER2: anti–human epidermal growth factor receptor 2; BRCA: breast cancer gene; CDK: cyclin-dependent kinase.
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Figure 6. Correlogram of medications, procedures, and genetic tests in the subgroup of complete mastectomy patients. Data source: The All of Us
research program. anti-HER2: anti–human epidermal growth factor receptor 2; BRCA: breast cancer gene; CDK: cyclin-dependent kinase.

The overlap of patients who had a mastectomy procedure and
breast cancer diagnosis (eg, SNOMED 254837009 “Malignant
Neoplasm of Breast”) is shown in Figure 7. Of the 816 (19.5%)
of female participants who had a mastectomy code only, 277
(33.9%) had diagnosis codes for physical or radiographic

findings (eg, breast lump, mammographic calcification of
breast), premalignant disease, or benign disease within 1 year
before the procedure.

We did not validate concordance because external benchmarks
were not available.
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Figure 7. The butterfly plot of the mastectomy procedure (left) and the breast cancer diagnosis (right) codes. Data source: The All of Us research
program.

Plausibility
We assessed plausibility by characterizing distributions of
clinical measurement and intervention concepts by age group.
We stratified the analysis by partial and complete mastectomy

procedures (Figures 8 and 9). We used the age at which a
participant’s surgical procedure was recorded in EHR rather
than other internal characteristics. Our data support a clear
association between age patterns and the rate of mastectomy
surgery (see Table 1) and the literature [3].
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Figure 8. Bar chart of clinical measures and interventions for female participants who had a partial mastectomy. Data source: The All of Us research
program. anti-HER2: anti–human epidermal growth factor receptor 2; BRCA: breast cancer gene; CDK: cyclin-dependent kinase.

Figure 9. Bar chart of clinical measures and interventions for female participants who had a complete mastectomy. Data source: The All of Us research
program. anti-HER2: anti–human epidermal growth factor receptor 2; BRCA: breast cancer gene; CDK: cyclin-dependent kinase.

For the partial mastectomy subgroup, clinical measures and
interventions were most frequent in for adult female participants
who were between 40 and 79 years of age (Figure 8).
Specifically, BRCA mutation (57.2%) was most frequent in the
40‐ to 59-year-old group. Biopsy (46.7%), radiation therapy

(50.4%), surgery (45.9%), and endocrine therapy (52%) were

most frequent in the 60‐ to 79-year-old group. A χ2 test
indicated that age categories were associated with clinical
measures and interventions (P<.001).
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For the complete mastectomy subgroup, the frequencies of
clinical measures and interventions were highest for adult female
participants who were between 40 and 79 years of age (Figure
9). Specifically, BRCA mutation (62.9%), diagnostic
mammography (56.5%), biopsy (55.4%), surgery (54.3%),
endocrine therapy (56.9%), radiation therapy (58%), screening
mammography (51.3%), and estrogen receptor status (54.8%)
concepts were most frequent in the 40‐ to 59-year-old age

group. A χ2 test indicated that age categories were associated
with clinical measures and interventions (P<.001).

We did not validate plausibility because external benchmarks
were not available.

Temporality
To assess temporality, we examined the time intervals between
biopsy and mastectomy. A biopsy procedure was available for
2354 (56.4%) female participants in the partial or complete
mastectomy cohort. There was a skewed time distribution from
biopsy to surgery (right positive skew=9.9). Therefore, the
median (5.5, IQR 3.5-11.2 weeks) better represents the
distribution than the mean (18.4 weeks) for the time difference
between biopsy and surgery.

We did not validate temporality because external benchmarks
were not available.

Discussion

Principal Findings
The primary objective of this study is to determine whether the
All of Us EHR data are fit for analyzing female participants who
had a mastectomy. Indeed, this study provides valuable
information to researchers on the quality of EHR data by
operationalizing 5 DQD to the procedure-driven selection of
the mastectomy cohort clinical measurements and interventions.
We implemented concept selection and internal verification on
all domains but were unable to validate them because external
benchmarks were not available. Each domain provided unique
information about data quality. In this study, our conformance
analysis evaluated the overlap of procedure codes from different
source vocabularies. The low overlap with SNOMED implies
that there may be suboptimal linkage of procedure concepts
with concepts from other domains because the standardized
relationships may be underused. Furthermore, our method for
evaluating conformance may be applicable to quantifying the
amount of overlap between nonstandardized and standardized
codes. The completeness DQD analysis can be used to identify
disease-specific missingness in our data. The concordance
analysis measures associations among concepts, which have
implications for their relative missingness. The plausibility and
temporality analyses are an effort to make the data quality issues
transparent and comparable to existing clinical knowledge.

Despite the incompleteness of EHRs, breast cancer–related
concepts were prevalent in our cohort. The correlations among
those concepts were logical and consistent with the practice of
treating breast cancer. For example, concepts for radiation
therapy, which is an essential part of BCT, were more prevalent
in the partial mastectomy subgroup. The completeness and

correlations of our data allowed us to differentiate patients who
had BCT from patients who had a complete mastectomy. Our
cohort consisted of All of Us participants who had a mastectomy
procedure at one of the participating sites. However, a greater
number of participants may have had a mastectomy procedure
at a site that was not part of our research network. Alternatively,
diagnosis code-based phenotypes may have higher sensitivity
and more false positives than procedure-based phenotypes.

This DQD paper is the first OMOP CDM study to evaluate the
quality of partial or complete mastectomy procedure data with
procedure-based phenotypes using All of Us EHR data. There
are several distinct advantages to using a procedure-based
phenotype over a diagnosis code-based phenotype. First, in the
United States, procedure codes tend to be submitted by experts
and can be subject to more rigorous quality checks than codes
from other domains, which makes them more likely to be
accurate. Second, a mastectomy is a disease-specific intervention
for breast cancer. Therefore, a mastectomy phenotype should
have a strong association with breast cancer. Third, procedure
codes are well-defined and map to granular OMOP CDM
concepts. Furthermore, the granularity of codes allows for
differentiating partial from complete mastectomy procedures.
Fourth, procedures are concrete events synchronizing a cohort
to a point in the disease course. Synchronizing the cohort can
be especially valuable for performing a treatment pathway
analysis, a population-level estimation, or a patient-level
prediction.

Comparisons to Prior Work
The relative proportions of the mastectomy cohort who had
partial and complete mastectomy procedures were similar to
the national averages [27]. However, we found that the
frequencies of multiple concepts were lower than expected in
our analysis. For example, 51% of our mastectomy cohort had
endocrine therapy concepts, and only 5.6% had estrogen receptor
status concepts.

Limitations
Our study had several limitations. First, the OMOP CDM breast
cancer concepts had minimal information on the breast cancer
stage, grade, pathology, laterality, and quadrant of a tumor.
Consequently, adopting guidelines from other research networks,
such as the National Comprehensive Cancer Network, was not
feasible for our use because National Comprehensive Cancer
Network guidelines are associated with specific tumor, node,
and metastasis characteristics. Health Care Common Procedure
Coding System and International Classification of Diseases
procedure codes can help provide some information on
mastectomy status; however, they are limited by their granularity
and frequency in the dataset. Second, we wrote custom code to
implement our phenotype and selected our concepts manually.
Also, evaluating phenotypes with software packages such as
CohortDiagnostics and Phevaluator is a possible future area of
research. Third, our geospatial analysis was based on the
participant’s location at the time of enrollment. Some
participants could have had surgical treatment in another state.
Because our data does not identify the site, variation in practice
patterns by institution or provider was unknown. These issues
are potential sources of selection bias. Notwithstanding, we
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recognize that institution and provider preferences can influence
whether a patient undergoes a partial or complete mastectomy
for breast cancer [9]. Future development with the All of Us
Center for Linkage and Acquisition of Data may enable the
effects of those preferences on patient procedure choice to be
analyzed through the acquisition of health care claims data.
Fourth, we restricted our analysis to female participants to
reduce errors attributed to misclassification of participants’
assigned sex at birth. A study that also includes males with
breast cancer, who make up 1% of the breast cancer population,
would be more generalizable [28]. Fifth, there was minimal
data available for an external validation comparison.

Future Directions
Our study has shown that our data quality framework is
systematic and comprehensive and can be implemented in a
mastectomy use case. The results of our analysis could inform

investigators about the feasibility of using All of Us data for
follow-up studies. Furthermore, we encourage continued
procedure-based phenotyping with our data. In summary, our
methods can continue to assess data quality in the All of Us
Research Program and they may lead to precision medicine
studies applicable to diverse patient populations.

Conclusions
We successfully implemented a data quality framework to
evaluate whether a mastectomy phenotype that uses All of Us
data is fit for observational health care research. Our
procedure-based phenotype overcame many EHR limitations.
In a subgroup analysis, we achieved reasonable differentiation
of BCT from complete mastectomy patients. We encourage the
continued use of procedure-based phenotypes to evaluate data
quality.
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Abstract

Background: Melanoma currently ranks as the fifth leading cancer diagnosis and is projected to become the second most
common cancer in the United States by 2040. Melanoma detected at earlier stages may be treated with less-risky and less-costly
therapeutic options.

Objective: This study aims to analyze temporal and spatial trends in melanoma incidence by stage at diagnosis (overall, early,
and late) in Texas from 2000 to 2018, focusing on demographic and geographic variations to identify high-risk populations and
regions for targeted prevention efforts.

Methods: We used melanoma incidence data from all 254 Texas counties from the Texas Cancer Registry (TCR) from 2000
to 2018, aggregated by county and year. Among these, 250 counties reported melanoma cases during the period. Counties with
no cases reported in a certain year were treated as having no cases. Melanoma cases were classified by SEER Summary Stage
and stratified by the following four key covariates: age, sex, race and ethnicity, and stage at diagnosis. Incidence rates (IRs) were
calculated per 100,000 population, and temporal trends were analyzed using joinpoint regression to determine average annual
percentage changes (AAPCs) with 95% CIs for the whole time period (2000‐2018), the most recent 10-year period (2009‐2018),
and the most recent 5-year period (2014‐2018). Heat map visualizations were developed to assess temporal trends by patient
age, year of diagnosis, stage at diagnosis, sex, and race and ethnicity. Spatial cluster analysis was conducted using Getis-Ord Gi*
statistics to identify county-level geographic clusters of high and low melanoma incidence by stage at diagnosis.

Results: A total of 82,462 melanoma cases were recorded, of which 74.7% (n=61,588) were early stage, 11.3% (n=9,352) were
late stage, and 14% (n=11,522) were of unknown stage. Most cases were identified as males and non-Hispanic White individuals.
Melanoma IRs increased from 2000 to 2018, particularly among older adults (60+ years; AAPC range 1.20%-1.84%; all P values
were <.001), males (AAPC 1.59%; P<.001), and non-Hispanic White individuals (AAPC of 3.24% for early stage and 2.38% for
late stage; P<.001 for early stage and P = .03 for late state). Early-stage diagnoses increased while the rates of late-stage diagnoses
remained stable for the overall population. The spatial analysis showed that urban areas had higher early-stage incidence rates
(P=.06), whereas rural areas showed higher late-stage incidence rates (P=.05), indicating possible geographic-based differences
in access to dermatologic care.

Conclusions: Melanoma incidence in Texas increased over the study time period, with the most-at-risk populations being
non-Hispanic White individuals, males, and individuals aged 50 years and older. The stable rates of late-stage melanoma among
racial and ethnic minority populations and rural populations highlight potential differences in access to diagnostic care. Future
prevention efforts may benefit from increasing access to dermatologic care in areas with higher rates of late-stage melanoma at
diagnosis.
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Introduction

Melanoma currently ranks as the fifth leading cancer diagnosis
overall and is projected to become the second most diagnosed
cancer in the United States by 2040 [1]. Nationally, melanoma
incidence rates (IRs) have shown distinct temporal trends across
age, sex, race, and ethnicity. Since 2006, IRs have decreased
for adolescents and young adults but increased for older adults,
with an annual percent change (APC) of 2.5% for individuals
older than 65 years between 2006 and 2015 [2,3]. From 2006
to 2021, IRs have increased for non-Hispanic White and
Hispanic individuals (APC of 1.7% and 0.6%, respectively) but
decreased for non-Hispanic Black individuals (APC of –1.2%)
[3]. Non-Hispanic White males older than 50 years have
maintained the highest incidence over the last 2 decades [3].

Previous studies have reported that the areal-level social
determinants of health (SDoH) are associated with disparities
in melanoma incidence, stage at diagnosis, and survival
outcomes. For example, using spatial cluster analysis and a
multinomial logistic regression model, a study in Florida found
that patients with melanoma who live in census tracts with
higher percentage of poverty are more likely to have a late-stage
diagnosis [4]. Another study examining the national cancer
database from 2011 to 2020 used a chi-square test and found
that patients from urban areas are more likely to have an
early-stage melanoma (P<.001) [5]. Similarly, a study in Texas
using a multinomial logistic regression model found that patients
from counties with persistent poverty (≥20% of residents at or
below the federal poverty level for the past two decennial
censuses) have higher incidence-based melanoma mortality [6].
Melanoma survival rates vary dramatically depending on stage
at diagnosis, with nearly guaranteed 5-year survival for
early-stage (localized) diagnoses [3]. However, racial and ethnic
minority groups are more likely to be diagnosed with melanoma
at advanced stages when compared with stage-matched White
patients (chi-square tests with P<.001) [3,7,8]. Therefore,
understanding how stage-specific melanoma incidence varies
across time by patient demographics and geographic location
can inform data-driven early detection efforts to improve
melanoma morbidity and mortality.

Although Texas had lower all-stage melanoma IRs compared
with the national average during 2017 and 2021 (14.9 vs 22.7
cases per 100,000 population), it reported the highest percentage
of late-stage cutaneous melanoma diagnoses in the contiguous
United States (18.2% in Texas vs 14.1% nationally) [9]. One
strategy to shift melanoma detection from late to earlier stages
is to increase screening via dermatologists. However, many
regions of Texas lack access to dermatologists [10,11].
Alternatively, primary care providers (PCPs) may provide
essential skin-cancer detection services [12], yet significant
training barriers often preclude early skin cancer diagnosis by
PCPs [13]. Geographically targeted education and telementoring

efforts to support PCP melanoma diagnosis [14] could
potentially enhance early melanoma detection, particularly in
areas with a high late-stage melanoma IR. However, the spatial
and temporal distribution of stage-based melanoma incidence
in Texas has yet to be thoroughly explored to identify these
critical locations.

In this study, we analyzed Texas Cancer Registry (TCR)
melanoma cases from 2000 to 2018. Using novel data
visualizations, we identified trends in melanoma incidence by
year of diagnosis, patient demographics, and stage at diagnosis.
We also investigated county-level geographic patterns of
melanoma incidence across Texas over time. Understanding
these trends can guide the development of risk-based
interventions to improve melanoma outcomes at the population
level.

Methods

Data
Melanoma incidence data from 2000 to 2018 were obtained
from the TCR and aggregated by 254 Texas counties and year.
Among these, 250 counties reported melanoma cases during
the period. Counties with no cases reported in a certain year
were treated as having no cases. Melanoma cases were
categorized by stage at diagnosis using the Surveillance,
Epidemiology, and End Results (SEER) summary stage system,
which differs from the more clinically oriented National
Comprehensive Cancer Network melanoma-specific staging
guidelines [10]. While SEER summary stage data categories
have changed over time, we organized TCR melanoma cases
into three groups: early stage (SEER stages 0 [in situ], 1
[localized], and 2 [regional by direct extension only]), late stage
(SEER stages 3 to 5 [regional] and stage 7 [distant]), and
unknown (SEER stage 9: unknown, unstaged, and unspecified).

For demographic stratification, we considered 7 age groups
(18‐29, 30‐39, 40‐49, 50‐59, 60‐69, 70‐79, and ≥80
years old), 2 sex groups (female and male), and 4 racial and
ethnic groups (non-Hispanic White, non-Hispanic Black,
Hispanic, and non-Hispanic Others). Annual county-level
population estimates stratified by age, sex, and race and ethnicity
were obtained from the National Institutes of Health (NIH)
SEER county population data [15].

Patient county of residence at the time of diagnosis was
classified as rural or urban using the 2013 US Department of
Agriculture Rural-Urban Continuum Codes (RUCCs) [16].
RUCCs 1‐3 were classified as urban and RUCCs 4‐9 were
classified as rural. Counties were also classified as either with
or without persistent poverty using the US Economic
Development Administration’s 2021 persistent poverty data
[17].
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Incidence Calculation and Trend Analysis
Annual melanoma incidence-based rates were calculated by
sex, age, and racial and ethnic groups as described in the “Data”
section. Given the substantial variation in melanoma incidence
across different age groups, with higher rates typically observed
in older age groups, previous analyses often reported
age-adjusted rates to allow for more comparable temporal trends
across different populations. However, in this study, we adopted
a novel data visualization approach using temporal heat maps,
which effectively incorporate known confounders such as age
and provide a clearer and more intuitive representation of trends
[18]. The heat maps display the year of diagnosis (x-axis), age
at diagnosis (y-axis), and calculated stage-specific incidence
per 100,000 population as a blue (lower rates) to red (higher
rates) color gradient. The heat maps used the Akima
interpolation method [19] to generate a smoothed surface from
observed data points, providing a visually coherent presentation
of temporal trends in IRs.

Spatial Cluster Analysis
We calculated the annual melanoma incidence-based rate for
each county in Texas (n=254) using county-specific population
data. Spatial cluster analyses were then performed using
Getis-Ord Gi* statistics. The Gi* statistic indicates the degree
of spatial clustering: positive values indicate that a county and
its neighboring areas have higher-than-average rates, while
negative values suggest lower-than-average rates. Statistical
significance was assessed via Monte Carlo simulation,
comparing the observed Gi* values to a reference distribution
generated from simulated spatial data. The results categorize
counties’ spatial clustering significance as follows: Very High
(Gi* stat>0 and P<.01), High (Gi* stat>0 and 0.01 ≤ P<.05),
Somewhat High (Gi* stat>0 and 0.05 ≤ P<.10), Insignificant
(P>.10), and Low (Gi* stat<0 and P<.10). These categorizations
allow for the identification of counties with significantly higher
or lower melanoma IRs than would be expected by random
chance and represent successive thresholds for interpreting
spatial clusters without implying a strict ranking of significance.
Chi-square tests were used to examine the relationship between
spatial clustering categories and urban-rural or poverty status.
All data analyses and visualizations were conducted in R
(version 4.2.1; R Core Team) [20].

Joinpoint Trend Analysis
To assess temporal changes in melanoma IR, we performed a
state-level joinpoint trend analysis to identify years when
significant shifts in trends occured. We calculated the APC in
IR using the weighted least-squares method, stratified by stage
at diagnosis and among different demographic groups [21]. The
APC represents the annual rate of change in IR over a specified
period, assuming a constant percentage change each year. For
instance, an APC of 2% would indicate that an IR of 100 per
100,000 would increase to 102 per 100,000 in the following
year. We allowed for a maximum number of two joinpoints
over the 19-year study period. Using the Joinpoint Trend
Analysis Software (Joinpoint Regression Program; version
5.3.0.0) from SEER [22], we identified specific years with
significant changes in the temporal trends and determined the
final number of joinpoints using permutation tests. In addition,

we derived a summary measure, the average annual percentage
change (AAPC), over three fixed time periods: 2000‐2018
(entire study period), 2009‐2018 (most recent 10 y), and
2014‐2018 (most recent 5 y), based on the joinpoint regression
model for the full period from 2000 to 2018. For example, an
AAPC of 2% for the 2010‐2018 period would indicate that
the IR increased by an average of 2% annually during these
years. The 95% CIs for both APC and AAPC were derived
using empirical quantile methods.

Ethical Considerations
The study was approved by the institutional review board (IRB)
at the University of Texas Health Science Center at Houston
(IRB: HSC-SPH-23‐0483). Melanoma TCR data were obtained
from the Texas Department of State Health Services (DSHS)
via a formal data request that included an IRB application. Upon
IRB approval from the DSHS, a waiver of informed consent
was granted because study constitutes secondary research using
existing data, involves no more than minimal risk to the
participants, and therefore does not require additional consent.

To protect participants’ privacy and confidentiality, all data
were de-identified prior to analysis. The dataset included only
non-identifiable variables such as year of diagnosis, county of
residence at diagnosis, demographic characteristics (e.g., sex,
race/ethnicity), and birth year. No names, contact information,
or medical record numbers were included. The research team
adhered to all DSHS data use agreements and institutional data
security protocols. Access to the data was limited to approved
study personnel and stored on encrypted, password-protected
servers within secure institutional networks.

Results

Overview
From 2000 to 2018, the TCR reported 82,462 melanoma cases
(Table 1). Among these, 61,588 (74.7%) were diagnosed at an
early stage, 9352 (11.3%) at a late stage, and 11,522 (14%) had
an unknown stage at diagnosis. The demographic subgroups
with the most cases included individuals aged 60‐69 years
(18,959 cases, 23.0%), males (49,058 cases, 59.5%), and
non-Hispanic White individuals (74,943 cases, 90.9%). The
demographic distribution of melanoma cases by stage largely
mirrored these overall trends. The racial and ethnic distribution
showed that non-Hispanic White individuals dominated both
early- and late-stage cases, although their proportion was slightly
lower in late-stage cases.

Figure 1 presents temporal heat maps of stage-specific
population-adjusted melanoma IRs (cases per 100,000
population) across demographic subgroups (sex, age, and race
and ethnicity) from 2000 to 2018 in Texas. When considering
all stages, melanoma IRs slightly increased over time to around
90 per 100,000 population. The highest increase was observed
in the 80+ age group from 79 in 2000 to 104 in 2018 (AAPC
1.84%, 95% CI 1.27-2.40), while the 70‐79 age group saw
the highest increase from 2014‐2018 (AAPC 2.75%, 95% CI
1.84-5.03). Conversely, IRs for the 18‐29 age group declined
from 6 in 2014 to 4.6 per 100,000 in 2018 (AAPC 3.05%, 95%
CI –3.66 to –2.46). IRs for those aged 30‐49 years remained
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stable at approximately 10 throughout the study period (Figure 1and Multimedia Appendix 1).

Table . Summary of patient demographics by Surveillance, Epidemiology, and End Results (SEER) summary stage system groupings at diagnosis.

All cases (N=82,462), n (%)Unknown stagec

(N=11,522), n (%)
Late stageb (N=9,352), n
(%)

Early stagea (N=61,588), n
(%)

Variable

Age group (years)

3,123 (3.8)536 (4.7)391 (4.2)2,196 (3.6)    18‐29

6,151 (7.5)927 (8.0)758 (8.1)4,466 (7.3)    30‐39

10,475 (12.7)1,589 (13.8)1,287 (13.8)7,599 (12.3)    40‐49

16,020 (19.4)2,149 (18.7)2,049 (21.9)11,822 (19.2)    50‐59

18,959 (23.0)2,439 (21.2)2,108 (22.5)14,412 (23.4)    60‐69

16,895 (20.5)2,156 (18.7)1,712 (18.3)13,027 (21.2)    70‐79

10,839 (13.1)1,726 (15.0)1,047 (11.2)8,066 (13.1)    ≥80

Sex

49,058 (59.5)6,742 (58.5)6,016 (64.3)36,300 (58.9)    Male

33,403 (40.5)4,780 (41.5)3,335 (35.7)25,288 (41.1)    Female

Race and ethnicity

74,943 (90.9)10,446 (90.7)8,247 (88.2)56,250 (91.3)    Non-Hispanic White

535 (0.6)109 (0.9)122 (1.3)304 (0.5)    Non-Hispanic Black

5,002 (6.1)784 (6.8)924 (9.9)3,294 (5.3)    Hispanic

459 (0.6)63 (0.5)56 (0.6)340 (0.6)    Non-Hispanic Others

1,523 (1.8)120 (1.0)3 (0.0)1,400 (2.3)    Unknown

aEarly stage: SEER stages 0 (in situ), 1 (localized), and 2 (regional by direct extension only).
bLate stage: SEER stages 3 to 5 (regional) and stage 7 (distant).
cUnknown stage: SEER stage 9: unknown, unstaged, unspecified.

IRs for males appear much higher than females among 50+
years, reaching over 140 per 100,000 in the 70+ age group and
over 180 per 100,000 in the 80+ age group by 2018 (Figure 1).
In contrast, among younger age groups (18-49), females showed
slightly higher rates than males over time. In addition, melanoma
incidence increased at a more rapid rate for males from 2009
to 2018, with an AAPC of 3.48% (95% CI 2.49-5.19) compared
with 2.47% (95% CI 1.89-3.26) for females (Multimedia
Appendix 1).

Stratifying by race and ethnicity, non-Hispanic White
individuals displayed the highest rates across all age groups,
with noticeable increases over the study period for those aged
50 years and older. The older non-Hispanic White patients (70+
years) showed rates over 130 per 100,000 by 2018. For the
18‐29 age group, non-Hispanic White patients had a slight
decrease in IRs from 16.5 per 100,000 in 2000 to 11.4 per
100,000 in 2018. Other racial and ethnic groups, such as
non-Hispanic Black and Hispanic individuals, maintained much
lower IRs mostly below 30 per 100,000 across all age groups
and years (Figure 1).
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Figure 1. Temporal heat maps presenting melanoma incidence rates (per 100,000 population) by columns of overall population, sex, and racial and
ethnicity groups. Each row panel shows a different stage at diagnosis: all cases, early stage, late stage, and unknown stage. Numbers in the lower left
corner of each panel indicate the total number of melanoma cases in Texas from 2000 to 2018.

To facilitate comparison with national statistics, age-adjusted
IRs (to the 2000 US standard population) are presented by stage
at diagnosis, age, gender, and race and ethnicity in Multimedia
Appendix 2.

The incidence of early-stage melanoma has increased more
rapidly than late-stage melanoma incidence (Figure 1).
Early-stage melanoma temporal trends mirrored those of overall
cases, with the highest rates for non-Hispanic White males older
than 70 years, reaching 114 cases per 100,000 by 2018. Other
racial and ethnic groups displayed minimal variation over time,
with rates remaining low throughout the study period (under
10 cases per 100,000 for non-Hispanic Black individuals and
under 25 per 100,000 for Hispanic individuals). Late-stage
melanoma IRs were lower than early-stage incidence across all
demographics. The overall population showed rates below 15
cases per 100,000, with a slight increase over time in older
males, peaking around 25 per 100,000 between 2011‐2014
(refer to additional details in Discussion). Non-Hispanic White
patients had the highest rates (maximum 16 per 100,000 in the
80+ age group), while non-Hispanic Black and Hispanic patients
had consistently low late-stage IRs (mostly below 5 cases per
100,000). The IRs for unknown stage cases remained relatively
stable over time across all demographic groups.

When investigating stage by race and ethnicity, early-stage
diagnoses predominated across all races and ethnicities.
However, Hispanic and non-Hispanic Black individuals had
proportionately more late stage at diagnosis melanomas than
non-Hispanic White patients (Multimedia Appendix 3). The
AAPC for late-stage melanoma cases was similar for Hispanic

(AAPC 2.38%, 95% CI 0.53-3.73) and non-Hispanic White
patients (AAPC 2.66%, 95% CI –0.98 to 7.17) and higher for
non-Hispanic Black patients (AAPC 5.79%, 95% CI 2.61-9.01;
Multimedia Appendix 1).

Spatial Cluster Analysis
Maps showing high- and low-melanoma incidence spatial
clusters are presented in Figure 2. When considering all
melanoma cases, spatial clusters with significantly
higher-than-average melanoma incidence (median IR 42 per
100,000, IQR 23-62) were primarily in northwestern Texas
from 2000 to 2006, with a shift to central Texas between 2007
and 2015, and then to counties surrounding Dallas by 2018.
Spatial clusters with lower-than-average melanoma incidence
were clustered near southern and western Texas (median IR 11,
IQR 0-24). The spatial patterns for early-stage and overall
melanoma cases were similar with median IRs of 35 per 100,000
(IQR 19-52) in high-incidence spatial clusters, and 6 per 100,000
(IQR 0-17) in low-incidence spatial clusters. However, the
spatial clusters for higher-than-average late-stage cases showed
distinct patterns with localization to northwestern Texas from
2000 to 2007, a shift toward southeast Texas between 2010 and
2014, and a return to central-northern Texas in 2015.

Overlaying the 2018 spatial clusters with rural counties (hatched
lines), we observed that clusters of higher-than-average
late-stage melanoma incidence significantly overlap with rural
areas (P=.05; Figure 3A). Similarly, clusters of
higher-than-average early-stage melanoma incidence appear to
overlap with urban areas (P=.06; Figure 3A). In contrast, clusters
of lower-than-average incidence for overall, early-stage, and
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late-stage melanoma appear to overlap with persistent poverty counties (all P values were <.001; Figure 3B).

Figure 2. Spatial cluster analysis of melanoma incidence rates (cases per 100,000 population) by melanoma stage at diagnosis (all cases, early stage,
and late stage) and selected years from 2000 to 2018 using Gi* statistics. Classifications were defined as follows: very high (Gi*>0 and P<.01), high
(Gi*>0 and 0.01 ≤ P<.05), somewhat high (Gi*>0 and 0.05 ≤ P<.10), insignificant (P>.10), and low (Gi*<0 and P<.10). Red-shaded areas represent
high-incidence clusters, depicting clusters of counties with significantly higher incidence rates compared with the statewide average incidence rate.
Blue-shaded areas highlight clusters of counties with significantly lower incidence rates compared with the state average.

JMIR Cancer 2025 | vol. 11 | e67902 | p.811https://cancer.jmir.org/2025/1/e67902
(page number not for citation purposes)

Zhang et alJMIR CANCER

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Figure 3. Spatial clusters of melanoma incidence rates overlaid with (A) rural counties and (B) persistent poverty counties in 2018. Classifications
were based on Gi* statistics as follows: very high (Gi*>0 and P<.01), high (Gi*>0and 0.01 ≤ P<.05), somewhat high (Gi*>0 and 0.05 ≤ P<.10),
insignificant (P>.10), and low (Gi*<0 and P<.10).

Discussion

Principal Findings
Texas has the highest proportion of late-stage melanoma cases
relative to the total number of reported melanoma cases in the
contiguous United States and is the second most populated state.
Identifying the regions and patient populations that
disproportionately bear the burden of late-stage melanoma at
diagnosis is crucial for developing targeted early detection
efforts. Our spatial clustering analysis of Texas revealed that
high-incidence clusters of early-stage melanoma were primarily
localized in urban, well-resourced areas, whereas high-incidence
clusters of late-stage melanoma were concentrated in rural areas
. This disparity may be partly explained by the lower density
of dermatologists in rural areas [11,23]. Patients with melanoma
living in these areas may experience delayed diagnosis [24],
need to travel longer distances to receive surgical management,
and have decreased melanoma-specific survival [25]. These
findings, while observational, highlight the importance of
addressing structural disparities in health care access. Therefore,
any early detection intervention must be tailored to be feasible
in rural, lower-resourced settings.

Melanoma IRs exhibit substantial variation by age, with older
patients experiencing significantly higher rates compared with
younger patients. Because the age distribution of the population
often shifts over time, age-adjusted rates are commonly used

to compare trends across different time periods and geographic
regions. These adjustments typically use a fixed reference year
for the age distribution, which may lack the robustness to fully
capture ongoing demographic change. As the population
continue to age and shift in age structure, a static reference year
may obscure important trends and fail to accurately reflect the
current risk landscape. In this study, we used a novel
visualization approach using temporal heat maps that directly
incorporate age as a variable, providing a more adaptive and
precise method for identifying shifts in melanoma incidence
trends over time. This visualization highlighted pronounced
incidence variations, particularly among late-stage male and
non-Hispanic White patients from 2010 to 2014. We identified
two TCR data sources which may explain this variation: Texas
Health Care Information Collection (THCIC) and eMaRC Plus
(Centers for Disease Control and Prevention [CDC]). THCIC,
established by the Texas legislature, collects data on health care
activities in hospitals and health maintenance organizations
[26]. During a pilot from 2010 to 2013, THCIC identified
melanoma cases not otherwise reported to TCR, leading to the
inclusion of 559 cases in the TCR database, most of which were
categorized as unknown stage at diagnosis. The second data
source, eMaRC Plus, a software developed by the CDC to
receive and process Health Level Seven files from pathology
laboratories, was used from 2010 to 2018. eMaRC Plus
identified 8,786 cases, with 93.1% being early-stage and 6.8%
unknown stage. The peaks in early-stage and unknown-stage
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incidence observed in 2011 and onward may be attributed to
these two data sources. However, the increase in late-stage
incidence from 2010 to 2014 could not be fully explained by
these data sources, suggesting that temporary reporting
inconsistencies may warrant further investigation to fully
understand their impact on the identified temporal trends.

Despite these data source differences, descriptive trends also
revealed that older non-Hispanic White men comprise the
majority of late-stage melanoma cases at diagnosis. This specific
demographic provides a clear target cohort for refining early
melanoma detection efforts. Given that older men generally
have lower rates of skin self-awareness [27], promoting early
detection through their family members or PCPs may offer
greater opportunity. Our analysis of race and ethnicity revealed
that, while most melanoma cases were diagnosed at early stages
across all groups, Hispanic and non-Hispanic Black patients
experienced proportionately more late stage at diagnosis
melanomas than non-Hispanic White counterparts. Although
the absolute number of melanoma cases is small compared with
other cancers, these findings reinforce the concept that
melanoma can impact individuals of all races and ethnicities.

Strengths and Limitations
This study has several strengths and limitations. A key strength
is the innovative visualization approach, which enabled a
comprehensive analysis of temporal trends, stratified by age,

sex, race and ethnicity, and stage at diagnosis. The use of TCR
data allowed for the inclusion of patient residential information
at the time of diagnosis, as well as additional data captures from
pilot studies that would otherwise be unavailable. Furthermore,
the geospatial analysis provided a comprehensive examination
of patterns across all cases and by specific stages, offering
valuable insights that could guide future interventions and
educational efforts. The study also presents several limitations,
particularly the large proportion of cases with an unknown stage
at diagnosis. More precise data on these cases would enable
better stage classification and improve the stage-specific
analyses. In addition, the TCR data has limitations in capturing
SDoH, which, if included, could provide a deeper understanding
of the health disparities associated with melanoma outcomes.

Conclusions
Our study provides valuable guidance for future early melanoma
detection efforts. Such efforts must be feasible in rural,
lower-resourced areas of the state and focus on patients at
highest risk of late-stage melanoma at diagnosis. Multimodal
approaches, which combine foundational dermatology training
for interested PCPs [14], telementoring to support PCP
incorporation of skin cancer detection examinations into practice
[28], and efficient store-and-forward eConsults [29] to reduce
dermatology access gaps, offer promising pathways to improve
early melanoma detection in low-resource settings.
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Multimedia Appendix 1
Average annual percent change (AAPC) in melanoma incidence rates and corresponding 95% CI, stratified by stage at diagnosis
(overall, early, and late) and demographic factors (age, sex, and race and ethnicity), for the time intervals 2000-2018, 2009-2018,
and 2014-2018. Results were based on Joinpoint regression analysis for the time interval of 2000-2018.
[DOCX File, 16 KB - cancer_v11i1e67902_app1.docx ]

Multimedia Appendix 2
Age-adjusted melanoma incidence rates (cases per 100,000 population) by stage at diagnosis and demographics groups, standardized
to the 2000 US population.
[PNG File, 718 KB - cancer_v11i1e67902_app2.png ]

Multimedia Appendix 3

JMIR Cancer 2025 | vol. 11 | e67902 | p.813https://cancer.jmir.org/2025/1/e67902
(page number not for citation purposes)

Zhang et alJMIR CANCER

XSL•FO
RenderX

https://jmir.org/api/download?alt_name=cancer_v11i1e67902_app1.docx&filename=de67ca81-27a0-11f0-a13a-25eef8ffc6b3.docx
https://jmir.org/api/download?alt_name=cancer_v11i1e67902_app1.docx&filename=de67ca81-27a0-11f0-a13a-25eef8ffc6b3.docx
https://jmir.org/api/download?alt_name=cancer_v11i1e67902_app2.png&filename=de7e38b1-27a0-11f0-a13a-25eef8ffc6b3.png
https://jmir.org/api/download?alt_name=cancer_v11i1e67902_app2.png&filename=de7e38b1-27a0-11f0-a13a-25eef8ffc6b3.png
http://www.w3.org/Style/XSL
http://www.renderx.com/


Melanoma incidence rates by race and ethnicity, and stage at diagnosis from 2000 to 2018.
[PNG File, 124 KB - cancer_v11i1e67902_app3.png ]
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Abstract

Background: The noninvasive imaging examinations of mammography (MG), low-dose computed tomography (CT) for lung
cancer screening (LCS), and CT colonography (CTC) play important roles in screening for the most common cancer types.
Internet search data can be used to gauge public interest in screening techniques, assess common screening-related questions and
concerns, and formulate public awareness strategies.

Objective: This study aims to compare historical Google search volumes for MG, LCS, and CTC and to determine the most
common search topics.

Methods: Google Trends data were used to quantify relative Google search frequencies for these imaging screening modalities
over the last 2 decades. A commercial search engine tracking product (keywordtool.io) was used to assess the content of related
Google queries over the year from May 1, 2022, to April 30, 2023, and 2 authors used an iterative process to agree upon a list of
thematic categories for these queries. Queries with at least 10 monthly instances were independently assigned to the most
appropriate category by the 2 authors, with disagreements resolved by consensus.

Results: The mean 20-year relative search volume for MG was approximately 10-fold higher than for LCS and 25-fold higher
than for CTC. Search volumes for LCS have trended upward since 2011. The most common topics of MG-related searches
included nearby screening locations (60,850/253,810, 24%) and inquiries about procedural discomfort (28,970/253,810, 11%).
Most common LCS-related searches included CT-specific inquiries (5380/11,150, 48%) or general inquiries (1790/11,150, 16%),
use of artificial intelligence or deep learning (1210/11,150, 11%), and eligibility criteria (1020/11,150, 9%). For CTC, the most
common searches were CT-specific inquiries (1800/5590, 32%) or procedural details (1380/5590, 25%).

Conclusions: Over the past 2 decades, Google search volumes have been significantly higher for MG than for either LCS or
CTC, although search volumes for LCS have trended upward since 2011. Knowledge of public interest and queries related to
imaging-based screening techniques may help guide public awareness efforts.

(JMIR Cancer 2025;11:e53328)   doi:10.2196/53328

KEYWORDS

lung cancer; lung cancer screening; breast cancer; mammography; colon cancer; CT colonography; Google search; internet;
Google Trends; imaging-based; cancer screening; search data; noninvasive; cancer; CT; online; public awareness; big data;
analytics; patient education; screening uptake

Introduction

Worldwide, an estimated 20 million new cancer diagnoses and
9.7 million deaths occurred in 2022. The 3 most common types
of newly diagnosed malignancies were lung cancer (12.4%),
female breast cancer (11.6%), and colorectal cancer (9.6%).
Lung cancer and colorectal cancer were the most common

causes of cancer-related mortality, with breast cancer in fourth
place after liver cancer [1]. Noninvasive imaging, such as
mammography (MG), low-dose computed tomography (CT)
for lung cancer screening (LCS), and CT colonography (CTC),
plays important roles in the early detection of the most common
cancer types and has demonstrated efficacy in reducing
cancer-related and all-cause mortality rates [2,3]. Encouraging
results from large screening trials in several countries [4-6] have
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driven global interest in imaging-based lung, breast, and
colorectal screening [7-12] and have prompted efforts to initiate
and optimize screening worldwide [13-15].

A 2013 Pew Research Center survey found that 72% of adults
had pursued web-based health information over the past year,
with 77% performing an initial search using an internet search
engine [16]. Analysis of internet search volumes for topics
related to these imaging examinations may identify opportunities
for improved patient outreach and education. Google search
trends have been shown to correlate with both epidemiological
data and public interest [17-19]. However, few studies have
looked at general search volumes for each screening method
[20-22], and to our knowledge no publication has documented
a detailed topic-level analysis comparing all 3 types of
image-based screening.

Methods

Overview
Google Trends was used to assess long-term variation in
worldwide relative search volumes for the terms
“mammography,” “lung cancer screening,” and “CT
colonography” for the period January 1, 2004 (the earliest date
for which Google Trends data were retrievable) to April 1, 2023.
Google was chosen, as it is the most frequently used internet
search engine, consistently capturing more than 80% of the
worldwide internet search market [23].

Keyword tool (keywordtool.io), a commercial search engine
tracking product, was used to query average volumes of monthly
Google searches in English worldwide for the period May 1,
2022, to April 30, 2023 [24]. Keyword tool uses the output of
the Google autocomplete tool to extract the most common

entries at the search prompt, which made it optimal to use for
this study design [24]. All questions and question-like queries
entered at the Google search prompt relating to the terms
“mammography,” “lung cancer screening,” and “CT
colonography” were extracted. Two of the authors (ZDZ and
BPL) used an iterative process to agree upon a list of thematic
categories for queries. Search results with at least 10 monthly
searches were independently assigned to the most appropriate
category by the 2 graders, with disagreements resolved by
consensus.

Data Analysis
Search volumes for each screening type were plotted as
normalized values (relative search volumes comprising the
format of Google Trends data output), with 100 representing
the highest relative search volume and 1 representing the lowest,
with 0 representing a search volume of zero or insufficient
search volume to calculate. Average monthly search volumes
for each category were grouped by screening modality and
presented in tabular format as the number of searches and as a
percentage of total searches for the corresponding modality.

Results

A plot of Google Trends data from 2004 to 2023 comparing
MG, LCS, and CTC Google searches is shown in Figure 1. The
median 20-year relative search volume was 50 (SD 13; IQR
43-57) for MG, 5 (SD 3; IQR 2-7) for LCS, and 2 (SD 1.2; IQR
1-2) for CTC. On average, the search frequency for LCS was
only one-tenth of that for MG, and CTC search volume was
only one–twenty-fifth of MG search volume. Search volumes
for LCS steadily increased from 2011 to 2023, while searches
for MG and CTC plateaued.
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Figure 1. Relative worldwide monthly Google search volumes for imaging-based screening examinations. Graph A compares the relative average
worldwide monthly search volumes for mammography, lung cancer screening, and CT colonography from January 1, 2004, to April 1, 2023. Graphs
B, C, and D illustrate search volumes for the modalities taken independently. All data were obtained from Google Trends for worldwide searches in
English. CT: computed tomography.

The relative search volumes for MG alone (Figure 1) across the
period ranged from 30 to 100 (median 60; IQR 54-67); there
was an overall decrease in relative search volume from the high
in 2004 (100) to 2013 (39), followed by an overall increase
from 2013 to 2019 (82), with the nadir in 2020 (30)
corresponding to the onset of the COVID-19 pandemic. Relative
search volumes for LCS alone ranged from 0 to 100; there was

an overall decrease in relative search volumes from 2005 (90)
to 2010 (0), and a subsequent uptrend after 2011, culminating
in a high of 100 in 2019. Relative search volumes for CTC alone
ranged from 0 to 100 with the highest volume in 2005, with a
secondary peak in 2008 (47), and a plateau from 2010 to 2023
with an average of 14.
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Topic analysis using Keyword tool data for the period from
May 1, 2022, to April 30, 2023, showed that MG-related topics
had the highest total monthly search volume (621,810
searches/month), followed by those related to LCS (23,250
searches/month), and CTC (17,690 searches/month). From these
searches, a total of 751 queries classified as questions or
question-like queries by the Keyword tool interface were
extracted as follows: 442 for MG, 178 for LCS, and 131 for
CTC. Of these, 332 had a search volume of >10 per month. The
reviewers identified 39, 14, and 11 thematic categories for MG,
LCS, and CTC, respectively. The most common categories of
queries for MG were nearby screening locations
(60,850/253,810, 24%), general inquiries (52,460/253,810,
21%), pain associated with screening (28,970/253,810, 11%),

and eligibility criteria (ages) (16,160/253,810, 6%) (Table 1).
For LCS, the most frequent categories of queries were
CT-specific inquiries (5380/11,150, 48%), general inquiries
(1790/11,150, 16%), artificial intelligence (AI) or deep learning
use in lung screening (1210/11,150, 11%), screening eligibility
criteria (ages or pack-years) (1020/11,150, 9%), and nearby
screening locations (750/11,150, 7%) (Table 1). The most
common categories of queries related to CTC were CT-specific
inquiries (1800/5590, 32%), screening procedural details
(1380/5590, 25%), performance compared with colonoscopy
(870/5590, 16%), and screening preparation (such as colon
preparation and sedation) (720/5590, 13%) (Table 1). Examples
of the most common queries for each image-based screening
are presented in Table 2.
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Table . Average monthly search volumes for imaging-based screening examinations by search topic category. The table displays the average monthly
Google search volumes for imaging-based screening examinations from May 1, 2022, to April 30, 2023. All data were obtained from Keyword tool
(keywordtool.io) for worldwide searches performed in English. The top 10 thematic categories of search topics are listed for each modality.

Average monthly search volume, n (%)Imaging-based cancer screening search query categories

MGa (n=253,810)

60,850 (24)    Nearest screening locations

52,460 (21)    General inquiries

28,970 (11)    Pain associated with screening

28,890 (11)    Cancer imaging characteristics

16,160 (6)    Screening eligibility criteria

11,810 (5)    Screening procedural details

9120 (4)    Comparison of screening modalities (MG vs MRIb)

8180 (3)    General screening inquiries

6810 (3)    Opportunities for no-cost screening

6770 (3)    Breast tomosynthesis

23,790 (9)    Other categories (combined)

LCSc (n=11,150)

5380 (48)    CTd-specific inquiries

1790 (16)    General inquiries

1210 (11)    Artificial intelligence and deep learning in LCS

1020 (9)    Screening eligibility criteria

750 (7)    Nearest screening locations

420 (4)    Opportunities for no-cost screening

230 (2)    Screening procedural details

150 (1)    Insurance coverage

90 (0.8)    LCS trials

40 (0.4)    Imaging accuracy

70 (0.6)    Other categories (combined)

CTCe (n=5590)

1800 (32)    CT-specific inquiries

1380 (25)    Screening procedural details

870 (16)    Imaging modality comparison (colonoscopy vs CTC)

720 (13)    Prescreening procedural preparation

230 (4)    Coding (ICDf/CPTg)

230 (4)    Nearest screening locations

220 (4)    Pain associated with screening

60 (1)    Opportunities for no-cost screening

60 (1)    Diagnostic capabilities

10 (0.2)    Insurance coverage

10 (0.2)    Other categories (combined)

aMG: mammography.
bMRI: magnetic resonance imaging.
cLCS: lung cancer screening.
dCT: computed tomography.
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eCTC: computed tomography colonography.
fICD: International Classification of Diseases.
gCPT: current procedural terminology.

Table . The table shows examples of the 5 most common inquiries for each imaging-based cancer screening examination from May 1, 2022, to April
30, 2023. All data were obtained from Keyword tool (keywordtool.io) for worldwide searches performed in English.

Example #3Example #2Example #1

Mammography

“mammogram near me now”“mammogram without referral near
me”

“mammography near me”    Nearest screening locations

“mammography versus mammo-
gram”

“why mammography is important”“what is the mammography”    General inquires

“what does a mammogram feel like”“do mammograms hurt”“is mammography painful”    Pain associated with screening

“mammography of fibroadenoma”“mammography of breast cancer
images”

“mammogramof breast cancer”    Cancer imaging characteristics

“mammography before 40”“when should mammograms be
done”

“mammography at what age”    Screening eligibility criteria

Lung cancer screening

“lung cancer detection using ct scan
images”

“low dose lung cancer screening”“lung cancer screening with low
dose ct”

    CTa-specific inquiries

“lung cancer screening for smokers”“what is a lung cancer screening”“lung cancer screening tests”    General inquires

“lung cancer detection using ma-
chine learning”

“lung cancer detection using deep
learning”

“lung cancer detection using image
processing”

    Artificial intelligence and deep

learning in LCSb

“who should be screened for lung
cancer”

“criteria for lung cancer screening”“lung cancer screening ages”    Screening eligibility criteria

“private lung cancer screening near
me”

“mobile lung cancer screening near
me”

“lung cancer screening near me”    Nearest screening locations

CT colonography

“ct colonography without contrast”“ct colonography with contrast”“what is a ct colonography”    CT-specific inquiries

“how is ct colonography performed”“does ct colonography use contrast”“ct colonography procedure”    Screening procedural details

“is ct colonography as good as
colonoscopy”

“ct colonography versus
colonoscopy sensitivity”

“ct colonography versus
colonoscopy cost”

    Imaging modality comparison

(colonoscopy versus CTCc)

—d“what is the prep for a ct colonogra-
phy nhs”

“what is the prep for a ct colonogra-
phy”

    Prescreening procedural prepara-
tion

—“ct colonography cpt”“ct colonography cpt code”    Coding (ICDe/CPTf)

aCT: computed tomography.
bLCS: lung cancer screening.
cCTC: computed tomography colonography.
dNot available.
eICD: International Classification of Diseases.
fCPT: current procedural terminology.

Discussion

Principal Findings

Overview
Our study revealed much higher Google search volumes for
MG topics over the past 2 decades than for LCS and CTC. The
average search frequency for LCS was only approximately
one-tenth of that for MG, and CTC search volume was only
one–twenty-fifth of MG search volume. LCS average search

volumes increased from 2011 to 2023, while searches for MG
and CTC plateaued. MG-related topics had the highest total
monthly search volume, followed by those related to LCS and
CTC. Frequently searched topics varied across modalities and
included nearby screening locations, procedural details or
associated pain, and eligibility criteria.

MG consistently exhibited higher levels of search interest
compared with LCS or CTC, possibly reflecting the longer
history of MG and various longstanding initiatives focused on
breast screening and women’s health [25,26]. Despite the higher
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absolute mortality for lung cancer than for breast cancer
globally, search volumes for topics related to LCS have
remained much lower than those for MG, although LCS search
volumes have experienced an uptrend since 2011, when the
National Lung Screening Trial was published [3]. MG was first
established in 1913 and fully adopted in the 1970s [25], in
contrast to low-dose CT for LCS, which gained widespread
recognition in 2011. The early peak of interest in LCS in the
2004‐2006 period coincides with attention generated by early
CT LCS programs, followed by a decline in interest until 2011
[27,28]. The relative search volumes for CTC have been
persistently low over the last 2 decades, especially compared
with MG (2%). While CTC is recognized by the national
medical societies and formal guidelines of several countries as
a viable screening option [29-31], other organizations have
raised concerns regarding the strength of evidence supporting
CTC or cost-effectiveness compared with colonoscopy [32,33].
The low search volumes might reflect a lack of awareness or
desire for this screening option among the public.

Our topic analysis of recent volumes for queries related to
image-based screening techniques showed both similarities and
differences across imaging modalities. For example, in the case
of MG, a substantial portion of searches (60,850/253,810, 24%)
involved the nearest screening center, a topic with substantial
although lower percentages of search volumes for LCS
(750/11,150, 7%) and CTC (230/5590, 4%), highlighting a
possible target of increased or more effective publicity. A
relatively high volume of searches related to procedural aspects
of CTC (1380/5590, 25%) may suggest a relative unfamiliarity
with details of this specific imaging modality. A common topic
of searches was potential procedural discomfort or pain in MG
(28,970/253,810, 11%), with a lower percentage for CTC
(220/5590, 1%), suggesting an opportunity for providers to
better address procedural comfort that might otherwise decrease
screening uptake. Cost or insurance coverage for screening was
in the top 10 most-searched topics for all 3 screening modalities
but comprised a minority of searches in terms of percentage;
although cost and coverage pose concerns for some individuals,
it is notable that several other topics, such as the nearest
screening locations, procedural pain, and eligibility criteria, had
on average 2- to 3-fold higher search volumes. AI and deep
learning were common search topics for LCS (1210/11,150,
11%) but were not common queries for MG or CTC; this is
somewhat surprising, as AI in the form of computer-aided
detection is commonly used in MG.

Comparison to Prior Work
Previous research has examined internet search trends for cancer
screening examinations. Snyder et al [20] examined Google
search volume trends for cancer screening terms during the first
stages of the COVID-19 pandemic, finding a temporary decline
in searches for terms related to MG, LCS, colonoscopy, and
pap smear. Rosenkrantz and Prabhu [22] performed a Google
Trends analysis of the relative frequency of Google searches
for MG, LCS, CTC, and prostate magnetic resonance imaging
from 2004 to 2014, finding a slight progressive decline over
the decade in searches for MG, a decrease from 2004 to 2010
in searches for LCS, followed by a persistent increase beginning
in 2011, and an overall decade-long decline in searches for CTC;

these findings are consistent with our analysis, although we
show that searches for LCS continued to rise from 2014 to 2023
and that searches for MG and CTC have continued to plateau.
Our analysis also has the advantage of comparing both the
relative and absolute volumes of searches across modalities
(MG, LCS, and CTC) instead of relying solely on relative search
volumes, showing that searches related to MG greatly exceeded
those related to LCS and CTC.

A variety of other methods have been used to assess public
interest in and knowledge of cancer screening, including
interviews, focus group discussions, questionnaires, and news
coverage analysis [10,34,35]. Raju et al’s [34] survey of
LCS-eligible individuals who chose not to participate in
screening found that 19% of individuals had concerns about the
distance to the screening site, and 14% of individuals had
concerns about insurance coverage, recalling some of the
frequent search topics for LCS in our study. In a Google News
analysis of news coverage of MG from 2006 to 2015 [21], the
most frequently covered topics included screening MG
controversies (29%), new breast imaging technology (23%),
imaging of dense breasts (11%), and public screening initiatives
(11%), topics that were not among the most common MG
searches in our study.

Strengths and Limitations
To our knowledge, our study is the first to use internet search
engine data to gauge both general and topic-level public interest
across imaging-based screening modalities by providing both
relative search frequencies and estimates of absolute search
volumes. We examined 2 decades of Google search volumes
across 3 key imaging-based cancer screening examinations and
documented the most common themes of recent related search
queries.

Our study had several limitations. First, there are limitations
inherent in any method of search volume estimation. Google
Trends reports search data in relative terms and may report a
value of 0 when search frequencies are low. For topic analysis,
we captured data representing a snapshot of queries over a year,
while queries may change over time. Search volumes were also
estimated through a proprietary tool that uses Google
autocomplete as a proxy for search volumes, as actual absolute
search volumes are not available from Google Trends. However,
our goal was not to measure exact search volumes but rather to
analyze and compare trends across modalities and to discern
the topics of the most frequent searches. Second, the analysis
of thematic categories is intrinsically subjective; we attempted
to mitigate this by using 2 observers, with final decisions
rendered by consensus. Third, we analyzed worldwide Google
searches in English and did not perform a country or
region-specific analysis; while such comparative analyses are
potentially of interest because of differences in screening
guidelines and behavior across countries, our main objectives
were to provide a general and comprehensive analysis of search
interest across modalities and to determine the main topics of
search queries. Future studies may incorporate comparisons of
search queries across countries. Finally, internet search volumes
may not directly translate to individual concerns, real-world
behaviors, or screening uptake; however, individuals frequently
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turn to the internet as a source of medical information [16], and
internet searches have often been used as a proxy of public
interest in a wide variety of health-related topics [17-20,22].

Conclusions
In conclusion, MG has generated consistently higher Google
search volumes over the past 2 decades than LCS and CTC, but

search interest in LCS has been on an upward trend since 2011.
Frequently searched topics varied across modalities and included
nearby screening locations, procedural details or associated
pain, and eligibility criteria. These search trends might inform
the development of communication strategies related to
screening and aid in addressing frequently asked questions from
the public.
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Abstract

Background: Esophageal and gastric cancer were among the top 10 most common cancers worldwide. In addition, sex-specific
differences were observed in the incidence. Due to their anatomic proximity, the 2 cancers have both different but also shared
risk factors and epidemiological features. Exploring the potential correlated incidence pattern of them, holds significant importance
in providing clues in the etiology and preventive strategies.

Objective: This study aims to explore the spatiotemporal correlation between the incidence patterns of esophageal and gastric
cancer in 204 countries and territories from 2010 to 2019 so that prevention and control strategies can be more effective.

Methods: The data of esophageal and gastric cancer were sourced from the Global Burden of Disease (GBD). Spatial
autocorrelation analysis using Moran I in ArcGIS 10.8 (Esri) was performed to determine spatial clustering of each cancer
incidence. We classified different risk areas based on the risk ratio (RR) of the 2 cancers in various countries to the global, and
the correlation between their RR was evaluated using Pearson correlation coefficient. Temporal trends were quantified by
calculating the average annual percent change (AAPC), and the correlation between the temporal trends of both cancers was
evaluated using Pearson correlation coefficients.

Results: In 2019, among 204 countries and territories, the age-standardized incidence rates (ASIR) of esophageal cancer ranged
from 0.91 (95% CI 0.65-1.58) to 24.53 (95% CI 18.74-32.51), and the ASIR of gastric cancer ranged from 3.28 (95% CI 2.67-3.91)
to 43.70 (95% CI 34.29-55.10). Malawi was identified as the highest risk for esophageal cancer (male RR=3.27; female RR=5.19)
and low risk for gastric cancer (male RR=0.21; female RR=0.23) in both sexes. Spatial autocorrelation analysis revealed significant
spatial clustering of the incidence for both cancers (Moran I>0.20 and P<.001). A positive correlation between the risk of
esophageal and gastric cancer was observed in males (r=0.25, P<.001). The ASIR of both cancers showed a decreasing trend
globally. The ASIR for esophageal and gastric cancer showed an AAPC of −1.43 (95% CI −1.58 to −1.27) and −1.76 (95% CI
−2.08 to −1.43) in males, and −1.93 (95% CI −2.11 to −1.75) and −1.79 (95% CI −2.13 to −1.46) in females. In addition, a positive
correlation between the temporal trends in ASIR for both cancers was observed at the global level across sexes (male r=0.98;
female r=0.98).

Conclusions: Our study shows that there was a significant spatial clustering of the incidence for esophageal and gastric cancer
and a positive correlation between the risk of both cancers across countries was observed in males. In addition, a codescending
incidence trend between both cancers was observed at the global level.

(JMIR Cancer 2025;11:e66655)   doi:10.2196/66655

KEYWORDS

spatiotemporal analysis; spatiotemporal correlation; esophageal cancer; gastric cancer; cancer; global burden of disease; GBD;
average annual percentage change; incidence; epidemiology
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Introduction

Globally, cancer is a leading cause of mortality, with its
significance continually rising [1-4]. It was estimated that in
2019, cancer accounted for 250 million disability-adjusted life
years [3]. Concurrently, according to the Global Cancer
Statistics 2020, esophageal and gastric cancer were among the
top 10 most common cancers worldwide [5]. In addition,
sex-specific differences were observed in the incidence [5]. Due
to their anatomic proximity, esophageal and gastric cancer have
both different but also a number of shared risk factors and
epidemiological features [6-8]. Several published articles have
demonstrated that frequent consumption of hot beverages and
poor oral hygiene are risk factors for esophageal cancer [9,10],
while a high-sodium diet and Helicobacter pylori infection are
risk factors for gastric cancer [11,12]. Smoking and heavy
alcohol consumption are associated with the incidence of both
esophageal and gastric cancer [13,14]. There are also some
pathological injuries involving both esophagus and stomach,
such as gastroesophageal reflux disease and Barrett esophagus,
which is related to reflux [15,16]. Furthermore, the
high-incidence regions for esophageal cancer are primarily
distributed in East Asia, Southeastern Africa, and Northern
Europe, while the high-incidence regions for gastric cancer are
mainly distributed in East Asia and Eastern Europe [5]. The
spatial distribution of these 2 cancers exhibits certain
overlapping patterns. However, there has been no global-level
spatiotemporal correlation analysis simultaneously examining
the incidence of both esophageal and gastric cancer [17-22].
Therefore, systematic exploring the spatiotemporal correlation
in the incidence of esophageal and gastric cancer holds
significant importance.

Through the spatiotemporal correlation analysis of global
incidence of esophageal and gastric cancer, we aim to provide
insightful information that would contribute to the prevention
and control of these cancers worldwide and the rational
allocation of global public health resources.

Methods

Data Sources
The Global Burden of Diseases, Injuries, and Risk Factors Study
2019 (GBD 2019), coordinated by the Institute for Health
Metrics and Evaluation (IHME) offers comprehensive and
comparable data on the epidemiological burden of esophageal
and gastric cancer, which includes age-standardized incidence
rates (ASIR) recorded annually spanning from 1990 to 2019
[4]. The data of esophageal and gastric cancer were sourced
from the Global Health Data Exchange (GHDx) query tool [23].
The GHDx query tool in the GBD 2019 database includes data
from 204 countries and territories by sex from 1990 to 2019.
Furthermore, according to the geographic location, the world
was divided into 21 regions such as East Asia in GBD 2019
database. The quality and integrity of data can be significantly
influenced by advancements in medical records and data
collection technologies. Therefore, we extracted data on the
ASIR (per 100,000 person-years) with 95% uncertainty interval
(UI) of esophageal and gastric cancer from 2010 to 2019 due

to the higher quality and integrity of recent data in our study.
The ASIR was calculated by the direct method. Standardization
was crucial in this study as it eliminates the bias when
comparing rates. The 95% UI is a range of values that reflects
the certainty of an estimate. The sociodemographic index (SDI)
is a composite indicator developed by GBD researchers to
characterize the developmental status of countries and territories,
and it is closely associated with health outcomes. It is the
geometric mean of 0 to 1 indices of total fertility rate under the
age of 25, mean education for those ages 15 and older, and lag
distributed income per capita [24]. The IHME provides publicly
available SDI Reference Quintiles and the SDI values for all
locations from 1950 to 2020 [24]. Based on the provided SDI
Reference Quintiles, all locations can be classified into 5
categories, including low SDI (SDI≤0.46), low-middle SDI
(0.46<SDI≤0.61), middle SDI (0.61<SDI≤0.69), high-middle
SDI (0.69<SDI≤0.81), and high SDI (SDI>0.81).

Statistical Analysis

Spatial Distribution and Correlation of Esophageal and
Gastric Cancer
In the analysis of spatial distribution and correlation of the ASIR
of esophageal and gastric cancer, we used ArcGIS 10.8 (Esri)
to calculate Global Moran I [25,26], which was used to evaluate
whether the incidence of each cancer exhibited spatial clustering.
Global Moran I measure spatial autocorrelation based on both
feature locations and feature values simultaneously, where the
feature here refers to different countries and territories. The tool
calculates the Moran I value and both a zI-score and P value to
evaluate the significance of that Index. The Moran I statistic
for spatial autocorrelation was given as Multimedia Appendix
1.

Moran I values range between −1 and +1. For the Global Moran
I statistic, the null hypothesis states that the attribute being
analyzed is randomly distributed among the features in the study
area. When the P value is statistically significant, we may reject
the null hypothesis, and a positive value indicates the spatial
distribution of high values and low values in the dataset is more
spatially clustered than would be expected if underlying spatial
processes were random; a negative value indicates the spatial
distribution of high values and low values in the dataset is more
spatially dispersed than would be expected if underlying spatial
processes were random. A dispersed spatial pattern often reflects
some type of competitive process—a feature with a high value
repels other features with high values, and it is similar in a
feature with a low value. When the P value is not statistically
significant, we cannot reject the null hypothesis, indicating a
random spatial distribution. In spatial autocorrelation analysis,
the conceptualization of spatial relationships adheres to the
Inverse_Distance rule.

In addition, by comparing the ASIR levels of esophageal and
gastric cancer in each country and territory against those of the
global ASIR levels, we obtained the corresponding risk ratio
(RR) to quantify the level of relative risk. Countries and
territories with an RR value≤0.50 were classified as low-risk
area, while an 0.50<RR value<2.00 and RR value≥2.00 were
classified as medium-risk area and high-risk area, respectively.
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We then used the Pearson correlation coefficient to evaluate the
correlation between the RR of esophageal and gastric cancer in
both sex groups. We also evaluated the relationship between
SDI quintiles and the distribution of different risk areas.

Temporal Trend and Correlation of Esophageal and
Gastric Cancer
In the analysis of temporal trends and correlation of the ASIR
of esophageal and gastric cancer, we used the National Cancer
Institute Joinpoint Regression Program (version 5.0.2) to
calculate the average annual percent change (AAPC) of the
ASIR for esophageal and gastric cancer across 204 countries
and territories during 2010‐2019. The CI was set at 95%.
AAPC is a statistical indicator used to describe the average
annual change rate of the ASIR over a certain period. It provides
a comprehensive assessment of the overall trend of ASIR over
the entire study period by weighting the annual percentage
change over multiple time periods. If both the estimation of
AAPC and its lower boundary of 95% CI were >0, the ASIR
was considered to be in an increasing trend; if both the
estimation of AAPC and its upper boundary of 95% CI were
<0, the ASIR was considered to be in a decreasing trend.
Otherwise, the ASIR was considered to be stable over time. In
the correlation analysis, the Pearson correlation coefficient was
used to evaluate the correlation between the temporal trends in
the ASIR of esophageal and gastric cancer. A Pearson
correlation coefficient >0 with a P value less than the specified
significance level indicated a significant positive correlation,
while a coefficient <0 with a P value less than the specified
significance level indicated a significant negative correlation.
In addition, we assessed the correlation between the temporal
trends in the ASIR of both cancers across SDI quintiles.

Given the significant sex differences in the incidence of
esophageal and gastric cancer [27,28] and the lifestyle
disparities, all analyses were stratified by sex. ArcGIS (version
10.8) and Joinpoint Regression Program (version 5.0.2) were
used for spatial autocorrelation analysis and temporal trend
analysis of ASIR respectively. All data analyses were conducted
in software R (version 4.3.2; R Foundation for Statistical
Computing) and R Studio (Posit). A P value of less than .05
was considered statistically significant.

Ethical Considerations
This study did not involve human participants and animals.
Ethics approval was not applicable for this study, as this study
used existing good quality data that were aggregated at the
population level. Data available for download on IHME websites
are publicly available and can be used, shared, modified or built
upon by noncommercial users in accordance with the IHME
Free-of-Charge Non-Commercial User Agreement [29].

Results

Spatial Distribution and Correlation Between the
Esophageal and Gastric Cancer Incidence in 2019
The study included data on the incidence of esophageal and
gastric cancer from 204 countries and territories and 21
geographic regions. In 2019, the global ASIR of esophageal
and gastric cancer were 6.51 (95% CI 5.69-7.25) and 15.59
(95% CI 14.11-17.15) per 100,000 person-years, respectively,
with considerable variation observed across regions and sex
groups. Among the 204 countries and territories provided by
the GBD dataset, the ASIR of esophageal cancer ranged from
a minimum of 0.91 (95% CI 0.65-1.58) in Nigeria to a maximum
of 24.53 (95% CI 18.74-32.51) in Malawi, while the ASIR of
gastric cancer ranged from a minimum of 3.28 (95% CI
2.67-3.91) in Malawi to a maximum of 43.70 (95% CI
34.29-55.10) in Mongolia. Overall, the ASIR of esophageal and
gastric cancer was significantly higher in males than in females,
and within the sex group, the ASIR of gastric cancer was
significantly higher than that of esophageal cancer at the global
level (Figure 1). In 2019, Malawi had the highest ASIR of
esophageal cancer in both sexes (male: 33.08, 95% CI
24.44-44.43; female: 17.28, 95% CI 12.64-23.50), and Mongolia
was ranked the top 5 for both esophageal (male: 30.48, 95% CI
22.58-37.90; female: 16.03, 95% CI 7.50-21.37) and gastric
cancer (male: 66.04, 95% CI 51.50-82.68; female: 28.18, 95%
CI 21.53-36.56) in both sexes (Table S1 in Multimedia
Appendix 2). In a broader scale, among males, the ASIR of
esophageal and gastric cancer in East Asia, Central Asia and
high-income Asia Pacific all ranked within the top 6 among 21
geographic regions. Among males, East Asia had the highest
ASIR for both esophageal (21.70, 95% CI 16.37-26.61) and
gastric cancer (46.67, 95% CI 37.63-56.82), while High-income
Asia Pacific ranked fifth for esophageal cancer (10.68, 95% CI
8.87-12.89) and second for gastric cancer (41.91, 95% CI
35.58-49.40), and Central Asia ranked sixth (9.51, 95% CI
8.37-11.53) and fifth (24.08, 95% CI 21.82-26.57), respectively.
Similarly, in females, the regions with the top 6 ASIR for
esophageal and gastric cancer were East Asia and Central Asia.
East Asia ranked second for esophageal cancer (6.67, 95% CI
4.39-8.38) and third for gastric cancer (15.65, 95% CI
12.80-19.05), while Central Asia ranked fifth (4.70, 95% CI
4.19-5.29) and sixth (10.76, 95% CI 9.81-11.87), respectively
(Figures S1 and S2 in Multimedia Appendix 2). The spatial
autocorrelation analysis also showed that there was a significant
clustering phenomenon in the spatial distribution of the
incidence of esophageal and gastric cancer in both sex groups
(all Moran I>0.20 and P value <.001; Figure 1).
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Figure 1. ASIR of esophageal cancer (EC) and gastric cancer (GC) in 204 countries and territories in 2019, by sex. EC: esophageal cancer; GC: gastric
cancer; ASIR: age-standardized incidence rate.

The 2019 risk area classification results were shown in Figure
2. In 2019, China and Mongolia belonged to the high-risk area
for both esophageal and gastric cancer in males (Figure 2), while
Afghanistan and Mongolia belonged to the high-risk area for
both cancers in the females (Figure 2). Mongolia was identified
as an overlapped high-risk area for both esophageal cancer and
gastric cancer in males and females. In addition, the number of
countries and territories belonging to the high-risk area for
esophageal cancer alone was significantly higher in females
than in males, and the number of countries and territories
belonging to the low-risk area for both esophageal and gastric
cancer was much lower in females than in males. Furthermore,

no country or territory in males belonged to the high-risk area
for gastric cancer alone, while in females, there were 2 countries
(Guatemala and Bolivia). It is noteworthy that Malawi had the
highest RR value for esophageal cancer (male RR=3.27; female
RR=5.19) and a low RR value for gastric cancer (male RR=0.21;
female RR=0.23) in both males and females. We further
conducted Pearson correlation analysis for the RR values of
esophageal and gastric cancer, and found that there was a
positive correlation between the RR values of esophageal and
gastric cancer in males (r=0.25; P<.001), but no significant
correlation was found in females (r=0.02; P=.77).

Figure 2. Risk area classification map of esophageal cancer (EC) and GC (gastric cancer) for 204 countries and territories in 2019, by sex. A. Risk
area classification map of EC and GC for 204 countries and territories in males. B. Risk area classification map of EC and GC for 204 countries and
territories in females. EC: esophageal cancer; GC: gastric cancer; ASIR: age-standardized incidence rates; RR: risk ratio; obtained by comparing the
ASIR levels of esophageal and gastric cancer in each country and territory against those of the global ASIR levels.
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Temporal Trend and Correlation Between Esophageal
and Gastric Cancer Incidence From 2010 to 2019
From 2010 to 2019, at the global level, the ASIR of esophageal
cancer ranged from a peak of 7.50 (95% CI 6.10-8.02) in 2010
to a lowest point of 6.44 (95% CI 5.79-7.00) in 2017, while the
ASIR of gastric cancer ranged from a peak of 18.25 (95% CI
17.14-19.22) in 2010 to a lowest point of 15.59 (95% CI
14.11-17.15) in 2019. And the ASIR of esophageal and gastric
cancer decreased significantly in both sex groups globally. The
AAPC for esophageal and gastric cancer in males was −1.43
(95% CI −1.58 to −1.27) and −1.76 (95% CI −2.08 to −1.43),
respectively, while in females, the AAPC for esophageal and
gastric cancer was −1.93 (95% CI −2.11 to −1.75) and −1.79
(95% CI −2.13 to −1.46), respectively. We selected all the
high-risk countries and territories which had the top 5 ASIR of
esophageal or gastric cancer in 2019 in both sex groups (14
countries and territories were finally presented in the table due
to partial overlap; Table S2 in Multimedia Appendix 3). In
males, the ASIR for esophageal and gastric cancer both showed
a decreasing trend in 10 countries and territories, while in
females, this trend was observed in 11 countries and territories.
Furthermore, in all countries and territories except Bolivia, there
was a strong positive correlation between the temporal trends
in the ASIR of esophageal and gastric cancer (Pearson
correlation coefficient>0.5). In addition, it is noteworthy that
despite Cabo Verde being among the top 5 countries for ASIR
of esophageal and gastric cancer in males, the ASIR for these
cancers continued to show a significant increasing trend in
males, with an increasing trend also observed in females.

We also performed Pearson correlation analyses for the temporal
trends between esophageal and gastric cancer ASIR at the global

level and across all 204 countries and territories. At the global
level, the Pearson correlation coefficient (r) for the temporal
trends in the ASIR for both cancers were 0.98 in males and 0.98
in females. The results also showed that a positive correlation
between temporal trends in the ASIR of the 2 cancers was
observed in most countries and territories, regardless of sex
(Figure 3 in Multimedia Appendix 3). A normality test on the
distribution of Pearson correlation coefficients across 204
countries and territories for both males and females indicated
that the distributions were not normal. Wilcoxon rank-sum test
results showed that there were differences (P<.001) in the
distribution of Pearson correlation coefficient data between
males and females in these 204 countries and territories, and
the median Pearson correlation coefficient was higher for
females than for males.

The Correlation Between SDI and Both Risk Areas
and Temporal Trend
Based on the SDI Reference Quintiles publicly provided by the
IHME and the SDI values for all locations since 1950 [24], we
collected the SDI for 204 countries and territories in 2019, and
classified these countries and territories into different SDI
quintiles according to the SDI Reference Quintiles. The
composition of risk areas for different SDI quintiles was shown
in Figure 3. As shown in Figure 3, the high-risk area for both
cancers all distributed in the middle and below SDI quintiles.
In males, high-risk areas were distributed only in the
low-middle, middle, and high-middle SDI quintiles (Figure 3),
while high-risk areas were distributed across all SDI quintiles
in females (Figure 3). The chi-square test results show that there
was no difference in the composition ratio of risk areas among
various SDI quintiles in both sex groups.

Figure 3. Stacked bar plot of sociodemographic index (SDI) quintiles and different risk areas, by sex. (A) The stacked bar plot of SDI quintiles and
different risk areas in males. (B) The stacked bar plot of SDI quintiles and different risk areas in females. EC: esophageal cancer; GC: gastric cancer;
SDI: sociodemographic index.

As shown in Table 1, the ASIR of esophageal and gastric cancer
both showed a downward trend in all SDI quintiles from 2010
to 2019, with all 95% CI excluding 0. In both sexes, the average
annual percentage decrease in ASIR for esophageal and gastric
cancer in the middle SDI quintile was both substantial. In
addition, the decrease in ASIR for esophageal cancer in this

quintile over the past decade was significantly more substantial
than in other SDI quintiles. In the middle SDI quintile, the
average annual percentage decrease in ASIR for esophageal
cancer over the decade was more substantial than that for gastric
cancer across both sexes. Conversely, in other SDI quintiles
except for females in the low-middle SDI, the decrease in ASIR
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for esophageal cancer was less substantial than that for gastric
cancer. Pearson correlation analysis indicated that the correlation
between the temporal trends in the ASIR for esophageal and
gastric cancer was high in all SDI quintiles (Table 1 and Figure
S4 in Multimedia Appendix 4). Since the distributions of
Pearson correlation coefficients in each SDI quintile was
nonnormal in both sex groups after normality test, the

Kruskal-Wallis test was used to assess the differences in
correlation coefficients among these SDI quintiles. The
Kruskal-Wallis test indicated no significant differences in the
correlation between the temporal trends in the ASIR of
esophageal and gastric cancer across various SDI quintiles in
both sex groups.

Table . Average annual percent change (AAPC) in age-standardized incidence rates (ASIR) of esophageal cancer (EC) and gastric cancer (GC) among
different sociodemographic index (SDI) quintiles, 2010‐2019 (AAPC, %).

r aFemale (95% CI)r aMale (95% CI)Location

0.940.85Low SDI

−0.39b (−0.46 to −0.33)−0.27b (−0.42 to −0.12)    EC

−0.74b (−0.84 to −0.65)−1.37b (−1.53 to −1.21)    GC

0.950.88Low−middle SDI

−0.43b (−0.74 to −0.12)−0.21b (−0.34 to −0.09)    EC

−0.67b (−0.82 to −0.52)−1.19b (−1.41 to −0.98)    GC

0.940.87Middle SDI

−3.79b (−4.04 to −3.53)−2.56b (−2.77 to −2.35)    EC

−2.26b (−2.64 to −1.88)−1.90b (−2.13 to −1.67)    GC

0.940.76High−middle SDI

−1.58b (−1.84 to −1.31)−0.95b (−1.28 to −0.62)    EC

−2.13b (−2.28 to −1.97)−1.66b (−1.84 to −1.48)    GC

0.950.88High SDI

−0.79b (−0.88 to −0.69)−0.92b (−1.07 to −0.76)    EC

−1.94b (−2.31 to −1.56)−2.46b (−2.68 to −2.23)    GC

aMedian Pearson correlation coefficients between temporal trends in the ASIR of esophageal and gastric cancer for countries and territories in each SDI
quintile from 2010 to 2019.
bIndicates that 95% CI did not include 0.

Discussion

Principal Results
This study is the first to simultaneously report on the global
temporal trends and spatial distribution of the ASIR for
esophageal and gastric cancer, as well as their correlation based
on GBD 2019 data. Our results show that there was a significant
spatial clustering of the incidence for both cancers and a positive
correlation between the risk of esophageal and gastric cancer
across countries was observed in males. In addition, a
codescending incidence trend between both cancers was
observed in most countries and territories.

Due to the significant differences in the incidence of esophageal
and gastric cancer between males and females [27,28], and the
disparities in lifestyle, sex stratification was conducted in all
analysis. In consistent with the previous studies, the risk of both
esophageal and gastric cancer was high in Asia (especially East
Asia and Central Asia) [5,30,31]. In addition, among Asian
countries, the incidence of esophageal and gastric cancer was
particularly serious in Mongolia (in 2019, the ASIR of both

esophageal and gastric cancer ranked in the top 5 among both
sexes). For Mongolia, the high incidence of esophageal cancer
may be associated with high levels of fluoride in drinking water
or drinking hot milk tea [32]. In addition, local cooking and
heating mainly rely on coal and wood, resulting in high levels
of fine particulate matter (diameter<2.5 μm), may also be one
of the main reasons for the high incidence of esophageal cancer
[33]. The spatial clustering phenomenon and the variation of
geographical distribution in ASIR of esophageal and gastric
cancer may be due to different lifestyles and environmental
factors caused by differences in geographical and socioeconomic
factors, as well as different histological subtypes of both cancers
[34]. Compared with gastric cancer, there were more countries
and territories with extremely high ASIR for esophageal cancer
relative to the global level, which may be the reason why there
were more countries and territories classified as the high-risk
area for esophageal cancer than gastric cancer in this study.
Although females were generally considered to have a lower
risk of esophageal and gastric cancer than males, there were
more countries and territories where females were at extremely
high risk of esophageal and gastric cancer relative to the global

JMIR Cancer 2025 | vol. 11 | e66655 | p.831https://cancer.jmir.org/2025/1/e66655
(page number not for citation purposes)

Cui et alJMIR CANCER

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


level. Those countries and territories, where the risk of
esophageal and gastric cancer was much higher than the global
level should be taken seriously. In addition, it is noteworthy
that Malawi exhibited the highest risk for esophageal cancer
alongside a very low risk for gastric cancer in both sex groups.
The previous studies found that African countries with a higher
incidence of esophageal cancer tend to have a lower estimated
supply of selenium in their diets [35]. Therefore, the generally
low selenium intake of the population in Malawi mainly caused
by the reduced soil-to-crop selenium transfers in the local typical
low pH soils may be one of the reasons for this phenomenon
[35-37]. Since Malawi is one of the major tobacco producers
in Africa, smokers have easier access to self-rolled tobacco
(without filters), which will lead to smokers of this form of
tobacco receive a higher dose of the carcinogenic products
within the tobacco in comparison to store-bought cigarettes,
thereby increasing the risk of developing esophageal cancer
[38]. In addition, it has been reported that mycotoxins such as
fumonisin B-1 stored in grain are fairly common in maize
samples from Malawi, and although a direct causal relationship
has not been established, this may be one of the reasons for the
high incidence of esophageal cancer there [38]. The main source
of energy in Malawian households is wood burning, which
produces incomplete combustion products such as polycyclic
aromatic hydrocarbons and may also be responsible for the high
incidence of esophageal cancer [39]. In Pearson correlation
analysis on the RR values for esophageal and gastric cancer
among males and females, a positive correlation between the
risk of incidence for esophageal and gastric cancer was observed
in males, whereas no such correlation was found in females.
Taking into account the possibility that the results may be
influenced by a greater number of extreme values in females,
we conducted a correlation analysis after removing some
outliers. Nevertheless, no statistically significant correlation
was found. One possible explanation is that smoking, as a
primary common risk factor for both esophageal and gastric
cancer, occurs at a significantly higher prevalence in males than
in females (about 4‐5 times higher) [40].

From 2010 to 2019, there was a global trend of decline in the
ASIR for both esophageal and gastric cancer among males and
females. The decline in the incidence of both cancers may be
attributed to the improvements in the socioeconomic level and
population health awareness in recent years [41-43]. It is worth
mentioning that there were still some countries and territories,
even some high-risk countries and territories including Cabo
Verde, exhibited an increasing trend in the ASIR of esophageal
and gastric cancer from 2010 to 2019. Although the significant
increase of cancer registers compared with the past may be one
of the reasons, it is necessary to actively control the incidence
of esophageal and gastric cancer for those countries and
territories showing an increasing trend. The reason for the
stronger positive correlation between the temporal trends of
esophageal and gastric cancer in females compared to that in
males is unclear. However, it is certain that a significant positive
correlation exists, which may be related to the shared risk factors
due to their anatomic proximity.

When exploring the correlation between SDI and risk areas
classified by RR values of esophageal and gastric cancer, no

statistically significant difference was found in the composition
ratio of risk areas across various SDI quintiles. This may be
related to the low number of countries and territories belonging
to the high-risk area for both cancers and gastric cancer alone.
Consistent with the global trend, all SDI quintiles exhibited a
decreasing trend in the ASIR of esophageal and gastric cancer,
which indicated that, overall, the incidence of esophageal and
gastric cancer had been improving in regions with different SDI
quintiles from 2010 to 2019. Compared with other quintiles,
the ASIR of esophageal and gastric cancer in middle SDI
quintile both showed a substantial decreasing trend, which may
be related to the high ASIR of both esophageal and gastric
cancer in middle SDI quintile. Although the ASIR of gastric
cancer was significantly higher than that of esophageal cancer,
in contrast to other SDI quintiles, the decreasing trend in ASIR
for esophageal cancer over the decade was more substantial
than that for gastric cancer in middle SDI quintile. This opposite
phenomenon, observed in the middle SDI quintile, calls for
more rational public policies to strengthen the control of gastric
cancer related risk factors. The correlation between the temporal
trends in the incidence of esophageal and gastric cancer was
strong among different SDI quintiles, and no statistically
significant difference of this correlation was found across
various SDI quintiles.

Strengths and Limitations
Our study has numerous strengths, including the ability to
visually display the risk of both esophageal and gastric cancer
in various countries and territories through risk area
classification. This aids in developing prevention strategies
tailored to shared or distinct risk factors of the 2 digestive
cancers, while also considering local characteristics. Our study
also has some limitations. First, the data we analyzed is sourced
from the GBD 2019, the quality of some data, especially that
from low-income or low SDI countries, is difficult to be
guaranteed. Second, esophageal cancer includes 2 histological
subtypes—esophageal squamous cell carcinoma and esophageal
adenocarcinoma [44,45], while gastric cancer includes cardia
gastric cancer and noncardia gastric cancer subtypes [46,47].
There are analogous and distinct etiologies with modifiable risk
factors between these subtypes, as well as epidemiological
characteristics [48-51]. However, due to the limitations of the
GBD database, our study did not differentiate the subtypes of
esophageal cancer and gastric cancer. Third, the results of Moran
I are highly dependent on the choice of the conceptualization
of spatial relationships. For global analysis, selecting an
appropriate conceptualization is challenging, especially when
regions are separated by natural barriers such as oceans.
Contiguity measure may fail to capture spatial relationships
across such barriers, while distance measure requires careful
consideration of distance thresholds. In addition, Moran I is
typically calculated for a single time point, which does not
account for dynamic changes in spatial patterns over time.
Furthermore, more detailed work is required to identify the
primary modifiable risk factors in high-risk areas for each
cancer, which will aid in more precisely reducing the global
incidence of esophageal and gastric cancer.
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Conclusions
This spatiotemporal correlation study simultaneously
investigates esophageal cancer and gastric cancer, which share
many risk factors. The results shows that there was a significant
spatial clustering of the incidence for esophageal and gastric
cancer and a positive correlation between the risk of both
cancers across countries was observed in males. In addition, a
codescending incidence trend between both cancers was

observed at the global level. Despite the overall declining trend
in the incidence rates of both esophageal and gastric cancer,
they still pose a heavy disease burden worldwide. Analyzing
the correlations in the global distribution and temporal trends
of the incidence of esophageal and gastric cancer can help to
gain a deeper understanding of the homogeneity and
heterogeneity in the incidence pattern of these 2 cancers to
optimize the allocation of global public health resources.
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Abstract

Background: Cancers of the bladder, kidney, and prostate are the 3 major genitourinary cancers that significantly contribute
to the global burden of disease (GBD) and continue to show increasing rates of morbidity and mortality worldwide. In mainland
China, understanding the cancer burden on patients and their families is crucial; however, public awareness and concerns about
these cancers, particularly from the patient’s perspective, remain predominantly focused on financial costs. A more comprehensive
exploration of their needs and concerns has yet to be fully addressed.

Objective: This study aims to analyze trends in online searches and user information–seeking behaviors related to bladder,
kidney, and prostate cancers—encompassing descriptive terms (eg, “bladder cancer,” “kidney cancer,” “prostate cancer”) as well
as related synonyms and variations—on both national and regional scales. This study leverages data from mainland China’s
leading search engine to explore the implications of these search patterns for addressing user needs and improving health
management.

Methods: The study analyzed Baidu Index search trends for bladder, kidney, and prostate cancers (from January 2011 to August
2023) at national and provincial levels. Search volume data were analyzed using the joinpoint regression model to calculate annual
percentage changes (APCs) and average APCs (AAPCs), identifying shifts in public interest. User demand was assessed by
categorizing the top 10 related terms weekly into 13 predefined topics, including diagnosis, treatment, and traditional Chinese
medicine. Data visualization and statistical analyses were performed using Prism 9. Results revealed keyword trends, demographic
distributions, and public information needs, offering insights into health communication and management strategies based on
online information-seeking behavior.

Results: Three cancer topics were analyzed using 39 search keywords, yielding a total Baidu Search Index (BSI) of 43,643,453.
From 2011 to 2015, the overall APC was 15.2% (P<.05), followed by –2.8% from 2015 to 2021, and 8.9% from 2021 to 2023,
with an AAPC of 4.9%. Bladder, kidney, and prostate cancers exhibited AAPCs of 2.8%, 3.9%, and 6.8%, respectively (P<.05).
The age distribution of individuals searching for these cancer topics varied across the topics. Geographically, searches for cancer
were predominantly conducted by people from East China, who accounted for approximately 30% of each cancer search query.
Regarding user demand, the total BSI for relevant user demand terms from August 2022 to August 2023 was 676,526,998 out of
2,570,697,380 (15.74%), representing only a limited total cancer-related search volume.

Conclusions: Online searches and inquiries related to genitourinary cancers are on the rise. The depth of users’ information
demands appears to be influenced by regional economic levels. Cancer treatment decision-making may often involve a
family-centered approach. Insights from internet search data can help medical professionals better understand public interests
and concerns, enabling them to provide more targeted and reliable health care services.
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Introduction

Cancer poses a significant burden on global public health [1].
In urology, bladder, kidney, and prostate cancers are the 3
primary genitourinary cancers contributing to the global burden
of disease (GBD), with persistently high morbidity and mortality
rates [1,2]. According to a GBD report from 2019, the annual
global incidence rates of bladder, kidney, and prostate cancers
have risen by 154.78%, 123.34%, and 169.11%, respectively,
over the past 2 decades, making them the most prominent
cancers in the field of urology [3,4]. In mainland China, the
incidence rates of bladder, kidney, and prostate cancers in 2019
had doubled compared with 1990 and are projected to triple by
2030 [2], with 192,390 cases of bladder cancer, 126,980 cases
of kidney cancer, and 315,310 cases of prostate cancer.
Therefore, precautionary measures are essential in addition to
gathering information and assessing the disease burden using
real-world data.

Infodemiology was defined as “The framework for an emerging
set of public health informatics methods to analyze search,
communication and publication behavior on the Internet.” It
has been shown to effectively highlight public health issues,
assess the impact of health care policies, and uncover public
concerns during global pandemics, as well as in chronic and
contagious diseases, along with related public acceptance [5-9].
Examining underlying trends in user behavior and the specific
demands associated with major genitourinary cancers could
potentially provide insights into regional health
information–seeking behaviors and population-level interests.

Cancer imposes a significant burden on patients and their
families, typically measured in terms of financial costs and
clinical outcomes [10,11]. However, there is limited
understanding of its broader impacts, such as public awareness,
emotional well-being, and social participation. In China,
previous studies have examined prevalent noncancer urological
issues and their online visibility using data from the Baidu Index
[6,12,13], a tool that analyzes search behaviors to reflect public
interest in health topics. While prior research has explored
general cancer-related searches, these studies primarily focused
on incidence correlations and population-level disparities across
28 cancer types [14], offering limited insights into specific user
demands or temporal and geographic patterns.

This study aims to address this gap by focusing on 3 major
genitourinary cancers: bladder cancer, kidney cancer, and
prostate cancer. Using Baidu Index data, we analyzed internet
search trends, user needs, and associated geospatial and temporal
patterns. By identifying search behaviors and topics of interest,
we seek to provide actionable insights into public health
awareness and address unmet needs, potentially contributing to
the improvement and guidance of health care strategies.

Methods

Keyword Selecting and Data Retrieving
Baidu (Baidu, Inc.), the leading search engine in mainland
China, accounts for 92.1% of the search volume and 93.1% of
user coverage [15]. Its analytics platform, Baidu Index, allows
for tracking keyword popularity trends and analyzing related
user demands [6,7,14]. Comparable to Google’s platform on a
global scale, Baidu has been validated as a reliable tool for
studying online search trends and user behavior in
infodemiology research within China [16,17].

This study primarily focuses on analyzing the temporal search
trends of cancer-related terms associated with kidney, bladder,
and prostate cancers. Based on defined criteria, these terms are
characterized as compounds [6], combining morphemes denoting
a urological organ with those indicating tumor-related concepts.
The key morphemes identified were (1) “肾脏” or “肾” (the
kidney), (2) “膀胱” (the bladder), (3) “前列腺” (the prostate),
and (4) “肿瘤” (the tumor). The Baidu Index platform
automatically matched these combinations with all available
search keywords, including synonyms and complex derivatives.
Measures were implemented to prevent duplication and
omissions, following approaches detailed in previous studies
[6,18]. Synonyms and complex derivatives were screened and
selected to minimize ambiguity and bias arising from language
habits, as previously described [6,13]. All available search
keywords related to these 3 cancer types were categorized based
on their connotations and are listed in Multimedia Appendix 1.

The Baidu Index platform consists of 3 key modules: (1) the
search trend module, (2) the user demand module, and (3) the
demographic portrait module. These modules enable the analysis
of search demand from multiple perspectives, including
popularity trends, topic-related concerns, and geodemographic
features [6,13]. Search popularity is quantified using the Baidu
Search Index (BSI), a key metric based on daily recorded search
demand. With integrated data on location, gender, age, and other
elements, trends and demographic profiles of the population
can be visualized and retrieved [6,13]. Search trend data,
available since 2011, were retrieved from the search trend
module of the Baidu Index platform [14]. Data at both provincial
and national scales were collected for the period from January
1, 2011, to July 31, 2023. The most recent data from the
geodemographic and user demand modules were obtained from
the user demand module on the Baidu Index official website
[9,19].

Data Processing and Statistical Analysis
The Baidu Index is a data-sharing platform that leverages
extensive user behavior data to measure search trends. By
tracking the frequency of unique keyword searches and their
weighting within Baidu’s overall search volume, it provides a
metric for keyword popularity. This study collected data on a
daily, weekly, monthly, and yearly basis to capture a
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comprehensive view of cancer-related search patterns.
Sequential plotting of BSI data for each term was conducted to
illustrate trends in public interest. Changes in trends over time
were analyzed using the Joinpoint Regression Model (program
version 4.7.0.0; Statistical Research and Applications Branch,
National Cancer Institute). This model, well-suited for
time-series analysis of large data sets, identifies statistically
significant shifts in trends. The annual percentage change (APC)
was calculated to summarize yearly trends within specified
intervals, measuring year-over-year percentage changes. The
average APC (AAPC) was used to evaluate trends over extended
periods, providing a more stable estimate of the overall trend
direction and rate of change [20,21]. For each topic—bladder
cancer, kidney cancer, and prostate cancer—the public demand
trend was illustrated through sequentially plotted BSI data.
Intergroup differences were analyzed using the Student t test
and Kruskal-Wallis test, as appropriate. A P value of <.05 was
considered statistically significant.

In the user demand section, the top 10 most frequently
mentioned words related to each search keyword were listed
weekly and sorted by cancer type. This allowed for the
identification and analysis of the most prominent and commonly
discussed topics for each cancer type. In line with previous
findings, we used a 13-topic system to categorize user
demand–related terms, helping to clarify users’ main concerns
and implied intentions [13]. Aside from some random or
off-topic terms, these categories were defined as follows: (1)
complaint, (2) inquiry, (3) treatment and decision, (4) health
issue, (5) diagnosis, (6) hospital and service, (7) symptom
confirmation, (8) tests and examinations, (9) prognosis, (10)
traditional Chinese medicine (TCM) complaint, (11) TCM
inquiry, (12) TCM ingredient, and (13) TCM regimen.

All databases were constructed using Excel 2019 (Microsoft
Corporation). The APC was calculated with the Joinpoint
Regression Model, program version 4.7.0.0 (Statistical Research
and Applications Branch, National Cancer Institute). Statistical
analysis and figure creation were performed using Prism 9 for
macOS (version 9.5.0 (525); GraphPad Software).

Ethical Considerations
We used publicly available, anonymized data that can be
accessed without special permissions. As the data are aggregated
and publicly accessible, IRB approval or exemption was not
required.

Results

Available Trends Data in Urology Cancer Topics
We identified and confirmed 39 valid search keywords on the
Baidu Index platform. These keywords are theme-based
synonyms and moderate derivative terms that convey specific
motives or demands. Among these, 13 keywords pertained
specifically to bladder cancer, while 15 and 11 keywords were
related to kidney cancer and prostate cancer, respectively. For
theme categorization, 4 topics were identified: (1) complaint,
with 9 keywords; (2) inquiry, with 23 keywords; (3) treatment,
with 4 keywords; and (4) prognosis, with 3 keywords. All
available search keywords related to these 3 urological cancers,

along with their English equivalent translations, are listed in
Multimedia Appendix 1.

The general search volume for all 3 urological cancers increased
to a mean of 10,737.74 (SD 1026.29) from an initial mean of
5975.68 (SD 770.42). Specifically, the average daily search
volume for bladder cancer rose to 3453.09 (SD 337.44) in 2023
from an initial average of 2275.72 (SD 302.17). For kidney
cancer, the average daily search volume increased to 2976.78
(SD 319.64) from an initial average of 1706.84 (SD 262.95).
Similarly, the search volume for prostate cancer grew to a mean
of 4307.87 (SD 417.68) from 1993.12 (SD 297.99). According
to the trend module, the total BSI for these top 3 urological
cancers was 43,643,453. Specifically, the 13-year summed BSI
ratio was 37.37% (15,972,271/43,643,453) for bladder cancer,
28.27% (12,079,106/43,643,453) for kidney cancer, and 34.36%
(15,592,076/43,643,453) for prostate cancer (Figure 1).
Regarding topic preferences for each cancer, the BSI ratio for
complaint and inquiry was dominant, accounting for 90.26%,
96.10%, and 79.53% across all 4 topics for bladder cancer,
kidney cancer, and prostate cancer, respectively (Figure 2).

To illustrate search trends over time since January 1, 2011, the
daily request–based BSI for each cancer was analyzed both
overall and by specific topics. The significance of these trends
was evaluated using the APC model, as shown in Figures 1 and
2.

Based on the average annual BSI counts, a general growth in
search requests for all 3 urological cancers was observed. The
overall APC was 15.2% (P<.05) from 2011 to 2015, –2.8%
from 2015 to 2021, and 8.9% from 2021 to 2023, resulting in
an AAPC of 4.9%. For bladder cancer, the APC was 8.3%
(P<.05) from 2011 to 2019, –11.7% from 2019 to 2021, and
7.4% from 2021 to 2023, with an AAPC of 2.8%. For kidney
cancer, the APC was 8.0% (P<.05) from 2011 to 2019, –9.6%
from 2019 to 2021, and 11.4% from 2021 to 2023, resulting in
an AAPC of 3.9%. For prostate cancer, the APC was 17.7%
(P<.05) from 2011 to 2015, –3.1% from 2015 to 2020, and
10.4% from 2021 to 2023, yielding an AAPC of 6.8% (P<.05).

Specifically within the bladder cancer theme, the APCs for the
complaint topic were 8.0% (P<.05) from 2011 to 2021 and
–5.1% from 2021 to 2023, with an AAPC of 1.2%. For the
inquiry topic, the APCs were 20.8% (P<.05) from 2011 to 2014
and 1.2% from 2014 to 2023, with an AAPC of 4.8% (P<.05).
For the prognosis topic, the APCs were –20.8% (P<.05) from
2011 to 2014, 15.6% from 2014 to 2018, and –6.9% from 2018
to 2023, resulting in an AAPC of –4.4%. For the treatment topic,
the APCs were –5.4% from 2011 to 2016, 7.6% from 2016 to
2019, and –23.9% (P<.05) from 2019 to 2023, with an AAPC
of –9.4%.

In the kidney cancer theme, the APCs for the complaint topic
were 6.8% (P<.05) from 2011 to 2019 and –3.6% from 2019
to 2023, with an AAPC of 3.2% (P<.05). For the inquiry topic,
the APCs were 14.0% (P<.05) from 2011 to 2017, –9.2%
(P<.05) from 2017 to 2021, and 17.8% from 2021 to 2023,
resulting in an AAPC of 6.2% (P<.05). For the prognosis topic,
the APCs were –19.0% (P<.05) from 2011 to 2019 and 15.7%
from 2019 to 2023, with an AAPC of –11.0% (P<.05). For the
treatment topic, the APCs were 2.5% from 2011 to 2014,
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–47.1% from 2014 to 2018, and 42.6% from 2019 to 2023, with
an AAPC of –12.2% (P<.05). In the prostate cancer theme, the
APCs for the complaint topic were 25.4% (P<.05) from 2011
to 2013, 3.1% from 2013 to 2017, and –1.4% from 2017 to
2023, resulting in an AAPC of 4.2%. For the inquiry topic, the
APCs were 21.2% (P<.05) from 2011 to 2015, –4.6% from
2015 to 2020, and 11.8% from 2020 to 2023, with an AAPC of

11.8%. For the prognosis topic, the APCs were –6.2% (P<.05)
from 2011 to 2018 and 2.5% from 2018 to 2023, with an AAPC
of –3.0% (P<.05). For the treatment topic, the APCs were 41.6%
(P<.05) from 2011 to 2015, –5.8% from 2015 to 2018, and
17.4% (P<.05) from 2018 to 2023, resulting in an AAPC of
18.2% (P<.05).

Figure 1. Online search trends in bladder, kidney, and prostate cancer topics since 2011. (A) Searching trend of each cancer topic; (B) Sum BSI
proportion of each cancer topic. APC: annual percentage change; BSI: Baidu Search Index.
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Figure 2. Online search trends for specific topics related to bladder, kidney, and prostate cancer since 2011. (A) Searching trend of specific topics in
bladder cancer. (B) Sum BSI proportion of specific topics in bladder cancer. (C) Searching trend of specific topics in kidney cancer. (D) Sum BSI
proportion of specific topics in kidney cancer. (E) Searching trend of specific topics in prostate cancer. (F) Sum BSI proportion of specific topics in
prostate cancer. APC: annual percentage change; BSI: Baidu Search Index.

Geographic Differences
The geographic distribution of each cancer type was calculated
based on provincial BSI data and categorized according to the
7 Chinese administrative divisions [6]. Figure 3 shows the
13-year regional BSI proportions for each cancer type with valid
search records. Search requests were predominantly from East

China, accounting for 30.46%, 31.13%, and 30.47% of bladder,
kidney, and prostate cancer searches, respectively, followed by
North China. Search demand from Central China, South China,
and West China was comparable, each contributing around 11%.
The Northeast and Northwest regions ranked the lowest,
collectively accounting for approximately 8% of searches for
each urological cancer.
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Figure 3. Regional distribution of online search in bladder, kidney, and prostate cancer topics. (A) Annual BSI trend for each region in the topic of
bladder cancer. (B) Total search rates for each region on the topic of bladder cancer. (C) Annual BSI trend for each region in the topic of kidney cancer.
(D) Total search rates for each region on the topic of kidney cancer. (E) Annual BSI trend for each region in the topic of prostate cancer. (F) Total search
rates for each region on the topic of prostate cancer. BSI: Baidu Search Index.

Demographic Differences
From the demographic distribution analysis, variations in age
and gender distribution were observed across each cancer theme
and specific topic. In the bladder cancer theme, search requests
for each topic were primarily made by individuals aged 20-29
and 30-39 years. For kidney cancer, the topics of complaint,
inquiry, and prognosis were predominantly searched by the

20-29-year age group, whereas the topic of treatment was mainly
searched by individuals aged 40-49 years. In the prostate cancer
theme, the topics of inquiry and treatment were primarily
requested by the 30-39-year age group, while searches for
prognosis were mainly made by those aged 40-49 years.
Notably, no dominant age group was identified for searches in
the complaint topic for prostate cancer (Table 1).
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Table 1. Demographic differences in each cancer topic.

MaleFemale≥50 years40-49 years30-39 years20-29 years≤19 yearsTheme and topic

Bladder cancer

18,369/40,701
(45.13)

22,332/40,701
(54.87)

4702/40,701
(11.55)

6954/40,701
(17.09)

14,187/40,701
(34.86)

12,411/40,701
(30.49)

2447/40,701
(6.01)

Complaint, n/N
(%)

24,076/58,805
(40.94)

34,729/58,805
(59.06)

12,947/58,805
(22.02)

15,246/58,805
(25.93)

18,226/58,805
(30.99)

10,237/58,805
(17.41)

2149/58,805
(3.65)

Enquiry, n/N (%)

1371/2567
(53.41)

1195/2567
(46.55)

398/2567
(15.50)

486/2567
(18.93)

730/2567
(28.44)

907/2567
(35.33)

45/2567 (1.75)Treatment, n/N
(%)

2675/6017
(44.46)

3342/6017
(55.54)

1001/6017
(16.64)

1245/6017
(20.69)

2217/6017
(36.85)

1298/6017
(21.57)

256/6017 (4.25)Prognosis, n/N
(%)

Kidney cancer

19,362/40,181
(48.19)

20,819/40,181
(51.81)

4092/40,181
(10.18)

7312/40,181
(18.20)

14,170/40,181
(35.27)

12,059/40,181
(30.01)

2548/40,181
(6.34)

Complaint, n/N
(%)

20,390/49,219
(41.43)

28,829/49,219
(58.57)

9527/49,219
(19.36)

12,657/49,219
(25.72)

15,897/49,219
(32.30)

9211/49,219
(18.71)

1927/49,219
(3.92)

Enquiry, n/N (%)

664/1328
(50.00)

664/1328
(50.00)

73/1328 (5.50)738/1328
(55.57)

296/1328
(22.29)

221/1328
(16.64)

0/1328 (0.00)Treatment, n/N
(%)

588/1913
(30.74)

1325/1913
(69.26)

554/1913
(28.96)

453/1913
(23.68)

705/1913
(36.85)

201/1913
(10.51)

0/1913 (0.00)Prognosis, n/N
(%)

Prostate cancer

22,123/39,725
(55.69)

17,602/39,725
(44.31)

10,456/39,725
(26.32)

8457/39,725
(21.29)

10,388/39,725
(26.15)

8413/39,725
(21.18)

2011/39,725
(5.06)

Complaint, n/N
(%)

32,095/59,541
(53.90)

27,446/59,541
(46.10)

8719/59,541
(14.64)

12,156/59,541
(20.42)

20,435/59,541
(34.32)

14,445/59,541
(24.26)

3786/59,541
(6.36)

Enquiry, n/N (%)

2409/4462
(53.99)

2053/4462
(46.01)

932/4462
(20.89)

1063/4462
(23.82)

1344/4462
(30.12)

1007/4462
(22.57)

116/4462 (2.60)Treatment, n/N
(%)

14,262/30,625
(46.57)

16,363/30,625
(53.43)

8073/30,625
(26.36)

9460/30,625
(30.89)

8780/30,625
(28.67)

3479/30,625
(11.36)

833/30,625
(2.72)

Prognosis, n/N
(%)

Keywords, Related Terms, and Search Frequency
During the data-providing period from August 15, 2022, to
August 13, 2023, 27,065 out of 31,200 words were identified
as in-topic, representing valid user demand. The total BSI for
these relevant user demand terms was 676,526,998, accounting
for only 676,526,998 of 2,570,697,380 (15.74%) total search

requests. Detailed distributions of these relevant terms and their
search frequencies are shown in Figure 4. The valid search ratio
and demand distribution were also summarized overall (Figure
4) and specifically for each cancer theme (Figures 5 and 6).
Additionally, the 3 most representative user-demand issues were
identified and ranked based on frequency and search popularity
(Tables 2 and 3).
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Figure 4. erm categories related to all cancers (bladder, kidney, and prostate) in the Baidu Index user demand module (August 2022 to August 2023).
(A) The most frequently appearing related words (word units) in Baidu Index searches related to bladder, kidney, and prostate cancers. (B) The most
searched related words in Baidu Index inquiries related to bladder, kidney, and prostate cancers. BSI: Baidu Search Index; TCM: traditional Chinese
medicine.

Figure 5. Term categories of the most frequently appearing related words for each cancer (August 2022 to August 2023). (A) Most frequently appearing
related words (word units) in Baidu Index searches related to (A) bladder cancer, (B) kidney cancer, and (C) prostate cancer. TCM: traditional Chinese
medicine.

Figure 6. Term categories related to the most searched related words for each cancer (August 2022 to August 2023). Most searched related words
(word units) in Baidu Index searches related to (A) bladder cancer, (B) kidney cancer, and (C) prostate cancer. BSI: Baidu Search Index; TCM: traditional
Chinese medicine.
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Table 2. The top 3 most frequently appearing related words (word units) searched in the Baidu Index for each type of cancer.

Count, nProstate cancerCount, nKidney cancerCount, nBladder cancerCategory and term

Complain

19尿潴留 (Urinary retention)51血尿 (Hematuria)96血尿(Hematuria)Term 1

9血精 (Hemospermia)40无痛血尿 (Painless hema-
turia)

79尿血 (Urinate with blood)Term 2 

7前列腺痛 (Prostatic pain)33尿血 (Urinate with blood)74无痛血尿 (Painless hema-
turia)

Term 3 

Etiology and causes

34前列腺钙化是什么意思
(What is prostatic calcifica-
tion)

19肾肿瘤分类 (Phenotypes in
kidney cancer)

81小便时尿出血是怎么回事
(What is urinate with blood)

Term 1

26前列腺钙化灶是什么意思
(What does prostatic calcifi-
cation mean)

13肾积水是什么原因造成的
怎么治疗 (What caused the
hydronephrosis)

26尿频尿急尿不尽是什么原
因造成的 (What caused
urinary frequency, urgency,
and incomplete urinate)

Term 2 

11前列腺炎怎么引起的
(What caused prostatitis)

10小便时尿出淡红色是怎么
回事 (What caused reddish
urination)

19尿频繁是什么原因 (What
caused frequently urination)

Term 3 

Treatment and pharmaceutical

129前列腺癌治疗 (Treatment
for prostate cancer)

19肾癌的治疗 (Treatment for
kidney cancer)

115膀胱癌治疗 (Treatment for
bladder cancer)

Term 1

96前列腺增生的最佳治疗方
法 (Best treatment for
prostate cancer)

11肾囊肿怎么治疗 (Treat-
ment for renal cyst)

21膀胱炎怎么治疗 (Treat-
ment for cystitis)

Term 2 

74前列腺癌的治疗 (Prostate
cancer treatment)

10肾肿瘤切除 (Nephrectomy
for kidney cancer)

13前列腺癌治疗 (Treatment
for prostate cancer)

Term 3 

Health care–related terms

174前列腺 (Prostate)24肿瘤 (Tumor)169膀胱 (Bladder)Term 1

165四种癌已经不是癌了 (4 no
longer diseases defined as
Cancer)

23肾脏 (Kidney)117四种癌已经不是癌了 (4 no
longer diseases defined as
cancer)

Term 2 

7前例腺 (“Prastate”)17肾癌饮食 (Diet for kidney)28芳香胺 (Aromatic amines)Term 3 

Diagnosis

422前列腺癌 (Prostate cancer)395肾癌 (Kidney cancer)499膀胱癌 (Bladder cancer)Term 1

115前列腺癌骨转移 (Prostate
cancer with bone metastasis)

242肾囊肿 (Renal cyst)180膀胱肿瘤 (Bladder tumor)Term 2 

108前列腺炎 (Prostatitis)230肾肿瘤 (Tumors in kidney)169膀胱炎 (Cystitis)Term 3 

Health care services and commodities

15海外医疗 (Oversee medica-
tion service)

42中国最好的肾病医院 (The
best hospital for treating
kidney diseases)

4北京大学第一医院 (The
first affiliate Hospital of
PKU)

Term 1

14麻省总医院 (Massachusetts
General Hospital)

30治疗肾癌最好的医院 (The
best hospital for treating
kidney cancers)

4泌尿外科哪个医院好
(What is the best urology
hospital)

Term 2 

7厚朴方舟 (Hopenoak.com)10肿瘤医院全国排名一 (Na-
tional NO.1 Oncology Hos-
pital)

3吴阶平 (Prof Jiepin Wu)Term 3 

Diagnosis confirmation

356前列腺癌症状有哪些
(What are the symptoms of
prostate cancer)

376肾癌早期的五个表现 (Ear-
ly symptoms of bladder
cancer)

431膀胱癌早期是什么症状
(Early symptoms of bladder
cancer)

Term 1
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Count, nProstate cancerCount, nKidney cancerCount, nBladder cancerCategory and term

149前列腺癌症状 (Symptoms
of prostate cancer)

134肾癌症状 (Symptoms of
kidney cancer)

204膀胱炎是什么症状表现
(What are the symptoms of
cystitis)

Term 2 

226前列腺癌的症状 (Prostate
cancer symptoms)

123肾衰竭的早期症状表现
(Early symptoms of kidney
cancer)

202膀胱癌症状 (Symptoms of
bladder cancer)

Term 3 

Test and examination

98前列腺特异性抗原
(Prostate specific antigen)

12肾钙化 (Renal calcification)140膀胱镜 (Cystoscope)Term 1

72PSA (PSA)10肾功能检查哪些项目
(Items of renal function test)

19膀胱检查 (Bladder examina-
tion)

Term 2 

30前列腺炎一杯水自测
(Confirming prostatitis with
a cup of water)

10肾穿刺 (Renal puncturing)10尿常规能检查出什么
(What can routine urinary
test tell)

Term 3 

Prognosis

342前列腺癌能活多久 (How
long one can live with diag-
nosed prostate cancer)

51肾癌晚期能活多久 (How
long one can live with diag-
nosed late-stage kidney can-
cer)

210膀胱癌能活多久 (How long
one can live with diagnosed
bladder cancer)

Term 1

213前列腺炎有什么症状和危
害性 (Symptoms and hazard
of prostatitis)

17晚期肾癌 (Late-stage kid-
ney cancer)

125膀胱癌晚期 (Late-stage
bladder cancer)

Term 2

122前列腺癌晚期 (Late-stage
prostate cancer)

16肺癌晚期能活多久 (How
long one can live with diag-
nosed late-stage lung can-
cer)

67前列腺癌能活多久 (How
long one can live with diag-
nosed prostate cancer)

Term 3 

TCMa diagnosis

2湿热症疹状 (Rashes of the
humid heat symptoms)

3肾虚 (Insufficiency in
“Shen” essence)

1疾在腠理 (Disease sign on
the skin)

Term 1

1五心烦热 (Sphoria with
feverish sensation in chest,
palms, and soles)

2肾阳虚 (Insufficiency in
“Shen” essence of “Yang”)

1肾精亏耗 (Depletion of
“Shen” essence)

Term 2 

1湿热疹 (Rashes of the hu-
mid heat)

2肾阴虚 (Insufficiency in
“Shen” essence of “Yin”)

1肾虚 (Insufficiency in
“Shen” essence)

Term 3 

TCM diagnosis confirmation

2中医治疗前列腺 (TCM
treatment of prostate gland)

21肾虚的表现症状有哪些
(What are the symptoms of
insufficiency in “Shen”
essence)

3肾虚的表现症状有哪些
(What are the symptoms of
insufficiency in “Shen”
essence)

Term 1

1中医治疗癌症 (TCM treat-
ment of cancer)

2如何保养肾 (How to main-
tain kidney with “Shen”
essence)

2肾虚的症状 (Symptoms of
insufficiency in “Shen”
essence)

Term 2 

1中医治疗肿瘤 (TCM treat-
ment of tumor)

2肾俞穴 (Acupoint of “Shen
Yu”)

1拔罐的好处与功效 (Benefit
and efficacy of cupping cup)

Term 3 

TCM regimen

2车前草 (Plantago asiatica
L.)

1丝瓜子 (Loofah seed)2五味子 (Schisandra chinen-
sis Turcz. Baill.)

Term 1

1三七的副作用太大了 (The
side effect of Panax pseudo-
ginsenga)

1丝瓜的功效与作用禁忌
(The efficacy and contraindi-
cation of loofah)

2黑枸杞的作用与功效 (The
efficacy of Lycium
ruthenicum Murr)

Term 2 

1东阿阿胶250克价格 (Price
of donkey-hide gelatin)

1丝瓜蒂 (Luffa cylindrica
（L.）Roem.)

2东革阿里的功效 (The effi-
cacy of Tongkat Ali)

Term 3 

TCM remedy and materials
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Count, nProstate cancerCount, nKidney cancerCount, nBladder cancerCategory and term

3金水宝胶囊的功效与主治
(The efficacy and indica-
tions of “JinshuiBao”
caspule)

1云南白药气雾剂的作用与
功效 (The efficacy of
“Yunnan Baiyao” spray)

3银花泌炎灵片 (Tablet of
“YinHuaMiYanLin”)

Term 1

2抗肿瘤最强的中草药 (The
strongest anti-tumor TCM
herb)

1加味二陈汤 (Potion of two
old ingredient with extra ad-
ditional)

2仙鹤神针 (The miraculous
needle of “Crane”)

Term 2

1乌头赤石脂丸 (Aconite red
halloysite)

1华蟾素 (Cinobufagin)2桂枝茯苓丸 (Guizhi Ling
Pills)

Term 3

aTCM: traditional Chinese medicine.
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Table 3. The top 3 most searched related words in the Baidu Index for each type of cancer.

Baidu Search
Index

Prostate cancerBaidu Search
Index

Renal cancerBaidu Search
Index

Bladder cancerCategory and terms

Complain

36,90,652白肺 (“White Lung”)5,68,694尿隐血 (Occult hema-
turia)

11,24,546尿血 (Urinate with
blood)

Term 1

2,08,682尿潴留 (Urinary reten-
tion)

4,91,164血尿 (Hematuria)9,34,444血尿 (Hematuria)Term 2 

1,46,838阳痿 (Impotence)4,82,462尿血 (Urinate blood)5,17,276小便尿完过一会又想
尿 (Small moment of
urinate urge after pee)

Term 3 

Etiology and causes

11,11,802前列腺钙化是什么意
思 (What does prostate
calcification mean)

7,60,196白肺是什么意思
(What does the “White
Lung” mean)

25,14,540尿频尿急尿不尽是什
么原因造成的 (What
caused urinary frequen-
cy, urgency, and incom-
plete urinate)

Term 1

10,02,476前列腺钙化灶是什么
意思 (What is prostatic
calcification)

5,51,308尿酸高是什么引起的
原因 (What causes hy-
peruricemia)

24,30,620小便时尿出血是怎么
回事 (Why is urinate
with blood)

Term 2 

8,72,092前列腺炎怎么引起的
(What causes prostati-
tis)

4,84,088尿液发红褐色怎么回
事 (What causes red-
dish urine)

11,30,904尿频繁是什么原因
(What causes frequently
urination)

Term 3 

Treatment and pharmaceutical

51,31,986前列腺增生的最佳治
疗方法 (The best way
of treating BPH)

4,53,232肾结石怎么排出来最
快方法 (The fastest
way of urinate out the
kidney stone)

19,31,970甲流吃什么药效果最
好 (What is the medica-
tion of Influenza A
virus)

Term 1

18,04,768前列腺增生的症状
(Symptoms of BPH)

2,30,322靶向治疗是什么意思
(What does the targeted
therapy mean)

18,84,472布洛芬混悬液 (Ibupro-
fen Suspension)

Term 2 

11,47,908前列腺炎吃什么药效
果好见效快 (What

1,88,922腰椎间盘突出最好的
治疗方法 (Best treat-

10,87,080尿路感染10分钟解决
方法 (Method of eradi-

Term 3 

medication for prostati-
tis effect promptly)

ment for lumber disc
protrusion )

cate UTI within 10
minutes)

Health care–related terms

1,46,50,248前列腺 (Prostatitis)72,65,752中国知网 (CK-
NI.COM)

35,69,116中国知网 (CK-
NI.COM)

Term 1

43,33,372四种癌已经不是癌了
(4 no longer cancer de-
fined cancers)

6,48,786咸阳疫情最新消息
(The latest pandemic
news in Xianyang City)

30,23,448四种癌已经不是癌了
(4 no longer cancer de-
fined cancers)

Term 2 

22,87,492中国知网 (CK-
NI.COM)

4,80,378肿瘤 (Tumor)25,49,522膀胱 Bladder()Term 3 

Diagnosis

1,20,84,428前列腺炎 (Prostatitis)91,41,308肾囊肿 (Renal cyst )59,88,140膀胱癌 (Bladder caner)Term 1

93,56,312前列腺癌 (Prostate
cancer)

36,13,030肾结石 (Nephrolithia-
sis)

36,16,898膀胱炎 (Cystitis)Term 2 

22,11,278前列腺增生 (Benign
prostate hyperplasia)

32,98,004肾癌 (Kidney cancer)27,19,162前列腺癌 (Prostate
cancer)

Term 3 

Health care services and commodities

7,48,616华中科技大学
(Huazhong University

4,80,608北京大学 (Paikin Uni-
versity)

4,62,288山西医科大学 (Shanxi
Medical School)

Term 1

of Science and Technol-
ogy)
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Baidu Search
Index

Prostate cancerBaidu Search
Index

Renal cancerBaidu Search
Index

Bladder cancerCategory and terms

2,96,596男科医院 (Andrology
hospital)

2,53,870吉林大学 (Jilin univer-
sity)

4,17,328哈尔滨医科大学
(Harbin medical univer-
sity)

Term 2 

2,61,804百度健康 (Baidu
Health)

2,07,778复旦大学 (Fudan Uni-
versity)

1,86,720问医生 (Ask Doc-
tor.com)

Term 3 

Diagnosis confirmation

70,24,984前列腺癌症状有哪些
(What are the symp-
toms of prostate cancer)

1,29,43,182肾衰竭的早期症状表
现 (Early symptoms of
renal failure)

1,94,65,776甲流感症状有哪些
(What are the symp-
toms of influenza A)

Term 1

21,36,332胰腺癌的早期症状
(What are the symp-
toms of pancreas can-
cer)

1,02,09,324肾炎的症状是什么
(What are the symp-
toms of nephritis)

1,27,22,312膀胱炎是什么症状表
现 (What are the symp-
toms of cystitis )

Term 2 

21,03,682如何判断自己前列腺
炎 (How to determine
prostatitis by my self)

95,76,026尿毒症的早期症状
(What are the early
symptoms of uremia)

86,79,854膀胱癌早期是什么症
状 (What are the early
symptoms of bladder
cancer)

Term 3 

Test and examination

7,98,870PSA (“PSA”)6,23,962肌酐高是什么问题
(What are the problems
causing high creatine
level)

3,72,030血氧饱和度 (Blood
oxygen saturation)

Term 1

6,59,994穿刺检查是什么意思
(What does “puncture
& biopsy” means)

3,92,388肾功能检查哪些项目
(What are the items of
renal function test)

3,29,426膀胱镜 (Cystoscope)Term 2 

5,80,210前列腺炎一杯水自测
(Confirming prostatitis
with a cup of water)

2,92,004血糖正常值 (Normal
level of plasma glycose
level)

2,99,716血糖正常值 (Normal
level of plasma glycose
level)

Term 3 

Prognosis

5,15,38,700前列腺炎有什么症状
和危害性 (Symptoms
and hazard of prostati-
tis)

8,41,568肺癌晚期能活多久
(How long one can live
with late phase lung
cancer)

97,45,516前列腺炎有什么症状
和危害性 (Symptoms
and hazard of prostatitis
)

Term 1

42,52,848前列腺癌能活多久
(How long one can live
with prostate cancer)

3,65,816肺癌晚期最怕三个征
兆 (The three poorest
indications in late phase
lung cancer)

8,44,452前列腺癌能活多久
(How long one can live
with prostate cancer)

Term 2 

10,53,438白肺是可以治愈的吗
(Is “white lung” curable
())

2,77,808不化疗和化疗哪个寿
命长 (Chemo, or non-
Chemo, which to
choose for longer life)

7,57,840肺癌晚期能活多久
(How long one can live
with late phase lung
cancer)

Term 3 

TCMa >diagnosis

3,24,112风热感冒和风寒感冒
的症状区别 (Differ-
ence between “Feng
heat” and “Feng cold”
fever)

1,67,564舌苔厚白是什么原因
引起的怎么解决
(What causes thick and
white tongue coating,
how to moderate)

60,686舌苔发黄厚腻是什么
原因怎么调理 (What
causes thick and yellow
tongue coating, how to
moderate)

Term 1

2,01,220湿热疹 (Rash of humid
heat)

68,140肾阴虚 (Deficiency in
“Shen” essence of
“Yin”)

33,180飞机打多了属于阴虚
还是阳虚 (Is too much
masturbation causing
essence deficiency in
“Yin” or “Yang”)

Term 2 

33,262肾阴虚 (Deficiency in
Shen” essence of “yin”)

60,174肾阳虚 (Deficiency in
“Shen” essence of
“Yang”)

24,362脾虚 (Deficiency in
spleen essence)

Term 3 
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Baidu Search
Index

Prostate cancerBaidu Search
Index

Renal cancerBaidu Search
Index

Bladder cancerCategory and terms

TCM diagnosis confirmation

1,66,796肾虚的表现症状有哪
些 (What are the symp-
toms of deficiency in
“Shen” essence)

32,80,446肾虚的表现症状有哪
些 (What are the symp-
toms of deficiency in
“Shen” essence)

6,83,020肾虚的表现症状有哪
些 (What are the symp-
toms of deficiency in
“Shen” essence)

Term 1

1,12,650湿气重怎么排湿最有
效 (How to expel hu-
mid “Qi” effectively
when bearing too much
humid “Qi”)

1,29,000脾虚的表现和症状
(What are the symp-
toms of deficiency in
“Pi” essence)

1,36,110脾虚的表现和症状
(What are the symp-
toms of deficiency in
“Pi” essence)

Term 2 

64,500脾胃虚弱怎么调理最
快 (What is the fastest
way to moderate feeble
“Pi and Wei”)

1,16,264飞机打多了该怎么补
回来 (How to compen-
sate by supplement af-
ter loads of masturba-
tion)

48,930肠胃不好怎么调理最
有效 (How to moderate
gastrointestinal func-
tion)

Term 3 

TCM regimen

3,72,518茯苓的功效与作用
(The efficacy of poria)

2,01,052山药的功效与作用
(The efficacy of Chi-
nese yam)

5,70,726金银花的功效与作用
(The efficacy of Honey-
suckle)

Term 1

2,59,726姜的功效与作用 (The
efficacy of ginger)

1,56,030甘草 (liquorice)3,86,932黑枸杞的作用与功效
(The efficacy of Lyci-
um ruthenicum Murr)

Term 2 

2,08,448西洋参 (American gin-
seng)

1,36,652蒲公英的功效与作用
(The efficacy of dande-
lion)

2,83,100五味子 (Schisandra
chinensis (Turcz.)
Baill.)

Term 3 

TCM remedy and materials

3,43,428六味地黄丸有什么功
效与作用 (The efficacy
of “LiuWeiDiHuang-
Wan” pill)

41,140云南白药气雾剂的作
用与功效 (The efficacy
of “baiyao”， Yunnan)

70,252右归丸的作用和功效
(The efficacy of
“YouGuiWan” pill)

Term 1

1,50,424金水宝胶囊的功效与
主治 (The efficacy of
“Jinshuibao” Capsule)

32,698四君子汤的功效与作
用 (The efficacy of “Si-
junzitang” potion)

62,076桂枝茯苓丸 (“Guizhi-
FulingWan” Pill)

Term 2 

1,40,016玉屏风颗粒的功效与
作用 (The efficacy of
“Yupingfeng” electu-
ary)

30,136百令胶囊功效与作用
(The efficacy of “Bail-
ing” Capsule)

61,236龙胆泻肝丸 (“Long-
DanXieGanWan” Pill)

Term 3 

aTCM: traditional Chinese medicine.

Discussion

Principal Findings
To the best of our knowledge, this study is the first
infodemiology research to explore patients’ awareness and
demand for primary urologic cancers (bladder, kidney, and
prostate) within China’s vast population, particularly from
clinical and health care perspectives [12,22]. By analyzing the
most widely used local search platform, with billions of daily
active queries, we identified consistent shifts in search trends,
dominant regions for searches, and key demographic groups.
Furthermore, we examined the most sought-after topics,
reflecting user-initiated care-seeking behaviors and
decision-making patterns [13].

We observed that while the overtime search trends fluctuate,
the overall search volume for each cancer type has shown a

general increase, as indicated by the overtime AAPC. Across
all urologic cancer themes, the 4 main topics—“complaint,”
“inquiry,” “treatment,” and “prognosis”—remain consistent,
indicating that user queries focus on key aspects of
disease-related decision-making. Notably, there is a strong
demand for information on diagnostic criteria, etiology,
treatment options, and realistic expectations for each cancer.
Among tumor-related keywords, symptom-related searches
account for 43.95%, 49.97%, and 36.89% of the total search
volume for bladder, kidney, and prostate cancers, respectively.
Inquiries, comprising 23 search keywords, account for 46.30%,
46.23%, and 42.64% of the total search volume for bladder,
kidney, and prostate cancers, respectively. In terms of
treatment-related searches, prostate cancer leads with 14.51%
of the total search volume, followed by bladder cancer at 7.49%
and kidney cancer at 2.41%. The prominence of searches related
to complaints and inquiries is unsurprising, as the complaint
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category primarily includes diagnostic keywords, reflecting
users’ initial, exploratory searches when they are uncertain about
the specific information they require [22].

The main concerns in user inquiries revolve around early signs,
primary indications, etiologies, specific symptoms, and other
cancer-related issues. These topics represent a comprehensive
collection of the most common challenges patients face during
health care–seeking sessions, particularly in cancer-related
scenarios.

In bladder cancer, search keywords frequently reflect concerns
about symptoms, particularly in the early or late stages, with
hematuria being a primary focus [23]. While hematuria does
not definitively indicate bladder cancer, prompt attention to this
visible symptom facilitates early detection and diagnosis.

For prostate cancer, user queries often center on symptoms,
staging, and metastasis. Lower urinary tract symptoms are
commonly reported but frequently stem from benign causes,
making symptom-based identification challenging. Prostate
cancer detection primarily relies on prostate-specific
antigen-magnetic resonance imaging-biopsy combinations,
though the screening sensitivity (0.93) and specificity (0.20)
underscore limitations and adherence challenges [24-27].
Furthermore, concerns about skeletal metastasis and staging
highlight the importance of enhanced education and
communication strategies.

Kidney cancers, characterized by diverse carcinomas, are often
identified through imaging as “space-occupying lesions,”
resulting in ambiguous search terms like “mass (肿物).”
Compared with bladder and prostate cancers, users frequently
lack precise diagnostic information [28]. Advances in imaging
technology have increased renal cell carcinoma detection rates
by 3.1% annually over the past decade [29,30]. However,
diagnostic accuracy remains limited by tumor size and the high
cost of imaging. Emerging machine learning systems offer
promise, with diagnostic precision ranging from 84.18% to
90.83%, supporting cancer identification and surgical
decision-making [29,30]. Addressing misdiagnosis and delays
in renal carcinoma detection remains a critical priority for health
care providers.

Life expectancy is a primary concern in users’ inquiries about
the 3 cancers. The standard query, “How long can one live with
the diagnosis?” highlights that the most significant need for
patients with cancer, in terms of treatment or intervention, is to
minimize the negative impact of cancer on life expectancy.
Currently, the growing population in Mainland China
exacerbates the challenges posed by the morbidity and mortality
of urologic cancers, affecting both the national health care
system and personal lives [2]. As of 2019, the death rates for
bladder cancer, kidney cancer, and prostate cancer in China
were 50.39/1000, 40.09/1000, and 23.95/1000, respectively,
with mortality rates gradually increasing with age [2]. Predictive
models suggest that the morbidity and mortality rates for these
3 genitourinary cancers will continue to rise, although health
care facilities are becoming more accessible in traditionally
less-developed regions [31]. With improvements in perioperative
management and increasing proficiency among surgeons in
primary health care facilities, internet users have expressed

concerns that could be addressed more promptly and validated
by local health care professionals [31,32].

The search trend patterns across each cancer theme showed
similarities, with an overall upward trend primarily driven by
the topics of complaint and inquiry. The demand for cancer
treatment and prognosis has generally declined, with the only
exception being observed in prostate cancer treatment topics.
Specifically, the search trends for bladder and kidney cancers
increased until 2019, followed by a decline until a resurgence
in 2021. For prostate cancer, turning points occurred in 2015
and 2020. The rising search trends may partly reflect real-world
cancer incidence. Data from the GBD 2019 database indicated
that the counts for bladder, kidney, and prostate cancers in 2019
were at least four times higher, with age-standardized incidence
rates at least double those of 1990 [2]. This period also marked
Baidu’s “golden age,” during which it became the primary
source of information for internet users [13]. Although Baidu’s
marketing strategies for channeling information have been
criticized, they do not appear to have affected its dominant role
in providing cancer-related information to users [13].

Despite the COVID-19 pandemic’s significant impact on regular
medical activities and the shift in public attention toward
outbreak management, online demand for information on tumor
diseases, including genitourinary cancers, persisted and even
increased in 2019 [6,33]. This demand was temporarily
suppressed during the 2020-2021 pandemic peak but rebounded
as government policies and health care responses evolved
[34,35]. Search terms highlighted unresolved issues and user
concerns about genitourinary cancers, emphasizing Baidu’s role
as a trusted source of health-related information. These trends
underscore the need to address user-identified health care gaps
in future health policy optimization.

Geographically, searches for the 3 cancers were led by East
China, accounting for approximately 30%, followed by North
China at around 18%. Other regions showed similar levels of
interest, each at approximately 10%, while the northwest region
ranked last with about 8%.

Socioeconomic inequalities significantly influence
health-seeking behavior and online health information searches
[33,36]. In China, disparities in medical center density, health
care costs, social security policies, and household finances shape
patients’ decisions, with individuals from disadvantaged
backgrounds often hesitating to seek treatment due to financial
constraints [37]. Similarly, socioeconomic and educational
factors affect online search behavior: higher-income individuals
tend to exhibit greater digital literacy, use precise medical
terminology, and seek reliable sources [38,39]. By contrast,
lower-income groups face barriers such as limited internet access
and lower trust in online information, often relying on
symptom-based searches [40]. These differences underscore
the impact of socioeconomic status on health awareness and
access to accurate medical information [39,41].

Demographic data revealed similar interest in cancer topics
across genders, though females expressed greater concern about
kidney cancer prognosis. Bladder and kidney cancers have
significantly higher incidence rates in males, at 5-fold and
2.5-fold, respectively. Interest in prostate cancer, despite being
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male-specific, indicates engagement extending beyond patients
alone [2]. Agewise, searches for bladder and kidney cancers
were common among users aged 20-39 years, with kidney
cancer treatment queries peaking in the 40-49-year age group.
Prostate cancer searches followed a similar pattern, except
prognosis-related queries, which were predominantly from users
aged 40-49 years. Bladder and kidney cancer incidence rates in
individuals aged 20-39 years (25.48/100,000 and 1.51/100,000,
respectively) were half of those observed in the 40-59-year age
group, while prostate cancer incidence peaked in individuals
over 60 years [2].

The disparity between incidence rates and concern levels across
gender and age groups highlights the importance of health
consciousness and awareness. The high cost, complex nursing
requirements, and strict follow-up schedules associated with
cancer treatment underscore that the disease burden affects not
only individuals but also entire families [42]. Research indicates
that women play a prominent leadership role within families,
making approximately 80% of health care–related decisions
[43-45]. The concerns and demands of women, as key decision
makers within families, should not be underestimated. Although
older adults are increasingly integrating internet technology
into their daily routines, including health care–seeking activities,
the persistent digital divide among older users remains a
significant challenge [46]. Therefore, joint decision-making
involving family members, rather than focusing solely on the
patients’ needs, should be taken into account.

Our study found that only 15.74% of user search queries were
categorized as relevant, reflecting a focus on trending topics,
nonhealth issues, or vague terms, such as medication-related
words. This low percentage suggests that public attention often
shifts toward less scientifically grounded information, driven
by societal trends, misinformation, or curiosity about lifestyle,
diet, or alternative medicine [47,48]. The findings highlight the
need for more effective dissemination of accurate cancer
information and targeted educational campaigns to enhance
public understanding of critical cancer issues. Furthermore,
many users rely on general or indirect language in their searches,
which may prevent their queries from being classified as
relevant. This underscores the importance of promoting more
precise health communication.

Overall, frequency, diagnosis, and symptom confirmation issues
ranked among the top categories, accounting for 30.17% and
30.16%, respectively. Regarding popularity, interest in symptom
confirmation ranked first, followed by diagnosis and
health-related issues, each comprising approximately 15%.
Similar patterns were observed in bladder and kidney cancers.
However, in prostate cancer, while interest in diagnosis and
symptom confirmation was dominant in terms of frequency,
health care–related issues in prognosis garnered the most actual
popularity.

In the topics of complaints and etiology inquiries, the most
common concerns related to bladder and kidney cancers were
hematuria and questions about its causes. As a marker of cancer
risk, hematuria is often associated with underlying urologic
malignancies. The standardized incidence ratio for overall
urologic cancer risk peaks within the first 3 months following

a hematuria diagnosis, reaching 14.15% [49]. Specifically, the
standard incidence ratios for bladder, kidney, and prostate
cancers at 3 months are 186.43%, 81.40%, and 14.18%,
respectively [49]. Reports indicate that delayed responses to
initial hematuria often lead to missed cancer diagnoses.
Therefore, heightened awareness and timely investigation of its
causes are recommended to prevent delays in cancer diagnosis
[50,51].

We observed that several differential diagnoses were listed
within the diagnosis topic. For bladder cancer, cystitis and
prostate cancer were frequently mentioned. In the context of
kidney cancer and prostate cancer, the most commonly referred
differential diagnoses included renal cysts, renal kidney disease,
prostatitis, and benign prostatic hyperplasia. These conditions
must be ruled out before confirming a tumor diagnosis,
suggesting the potential for users to engage in self-assisted cyber
diagnosis [52].

Accurate evidence is essential for the correct diagnosis of
cancer, as it helps identify tumor characteristics. In some cancer
cases, even experienced experts may find judgment and
decision-making complicated due to varying test results [53].
The risk of internet self-diagnosis in cancer warrants greater
attention, as diagnosis delays and misleading treatments can
have serious consequences [52]. For users with limited medical
knowledge, it becomes even more challenging to identify
accurate and useful information while maintaining reasonable
and objective expectations [54]. Therefore, online health care
information should be more instructive, neutral, and objective,
enabling potential patients to better follow guidance from
medical professionals [55].

Limitations
Several limitations of this study should be acknowledged. First,
although Baidu is the largest search engine in mainland China,
its dominance is increasingly challenged by emerging search
platforms and social media, which restricts the scope of online
search behavior captured. Consequently, the daily BSI may not
fully reflect the demands of all internet users. Second, regional
differences in user preferences and political regulations result
in the exclusion of searches by individuals legally accessing
international platforms. Furthermore, as Baidu is a Chinese
platform, searches conducted in foreign languages or by ethnic
minorities may be systematically omitted, potentially introducing
bias. Third, the absence of a real-time public cancer database
is a significant limitation, as it prevents the integration of search
data with clinical data for more accurate disease prediction and
forecasting. These factors underscore biases in internet access
and usage across different demographic groups, which should
be considered when interpreting the results in the context of
broader cancer awareness and digital health information–seeking
behavior.

Future Directions
This study is the first to address public concerns regarding the
3 major genitourinary cancers within the Chinese-speaking
population. These cancers were selected due to their complexity
and subtle onset, which often lead to delayed diagnoses and
severe outcomes. By analyzing online search trends, this
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research provides valuable insights into patient perceptions and
needs, offering a broader understanding of public demand.
Future infodemiology studies should incorporate data from
multiple search engines, social media platforms, and multilingual
or minority groups to achieve a more comprehensive analysis
of public health trends. Integrating such a system into a national
cancer database could significantly enhance disease tracking,
forecasting, and public health decision-making.

Conclusions
Online searches and inquiries related to genitourinary cancers
are on the rise. The depth of users’ information demands appears
to be influenced by regional economic levels. Cancer treatment
decision-making may often involve a family-centered approach.
Insights from internet search data are potentially beneficial for
medical professionals to better understand public interests and
concerns, enabling them to provide more targeted and reliable
health care services.
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Abstract

Background: Androgen receptor axis-targeting reagents (ARATs) have become key drugs for patients with castration-resistant
prostate cancer (CRPC). ARATs are taken long term in outpatient settings, and effective adverse event (AE) monitoring can help
prolong treatment duration for patients with CRPC. Despite the importance of monitoring, few studies have identified which AEs
can be captured and assessed in community pharmacies, where pharmacists in Japan dispense medications, provide counseling,
and monitor potential AEs for outpatients prescribed ARATs. Therefore, we anticipated that a named entity recognition (NER)
system might be used to extract AEs recorded in pharmaceutical care records generated by community pharmacists.

Objective: This study aimed to evaluate whether an NER system can effectively and systematically identify AEs in outpatients
undergoing ARAT therapy by reviewing pharmaceutical care records generated by community pharmacists, focusing on assessment
notes, which often contain detailed records of AEs. Additionally, the study sought to determine whether outpatient pharmacotherapy
monitoring can be enhanced by using NER to systematically collect AEs from pharmaceutical care records.

Methods: We used an NER system based on the widely used Japanese medical term extraction system MedNER-CR-JA, which
uses Bidirectional Encoder Representations from Transformers (BERT). To evaluate its performance for pharmaceutical care
records by community pharmacists, the NER system was first applied to 1008 assessment notes in records related to anticancer
drug prescriptions. Three pharmaceutically proficient researchers compared the results with the annotated notes assigned symptom
tags according to annotation guidelines and evaluated the performance of the NER system on the assessment notes in the
pharmaceutical care records. The system was then applied to 2193 assessment notes for patients prescribed ARATs.

Results: The F1-score for exact matches of all symptom tags between the NER system and annotators was 0.72, confirming the
NER system has sufficient performance for application to pharmaceutical care records. The NER system automatically assigned
1900 symptom tags for the 2193 assessment notes from patients prescribed ARATs; 623 tags (32.8%) were positive symptom
tags (symptoms present), while 1067 tags (56.2%) were negative symptom tags (symptoms absent). Positive symptom tags
included ARAT-related AEs such as “pain,” “skin disorders,” “fatigue,” and “gastrointestinal symptoms.” Many other symptoms
were classified as serious AEs. Furthermore, differences in symptom tag profiles reflecting pharmacists’ AE monitoring were
observed between androgen synthesis inhibition and androgen receptor signaling inhibition.
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Conclusions: The NER system successfully extracted AEs from pharmaceutical care records of patients prescribed ARATs,
demonstrating its potential to systematically track the presence and absence of AEs in outpatients. Based on the analysis of a
large volume of pharmaceutical medical records using the NER system, community pharmacists not only detect potential AEs
but also actively monitor the absence of severe AEs, offering valuable insights for the continuous improvement of patient safety
management.

(JMIR Cancer 2025;11:e69663)   doi:10.2196/69663

KEYWORDS

natural language processing; pharmaceutical care records; androgen receptor axis-targeting agents; adverse events; outpatient
care

Introduction

According to the International Agency for Research on Cancer,
20 million new cancer cases were reported in 2022 [1]. In
particular, an increasing number of patients are receiving
chemotherapy at home [2], driven by the increasing availability
of oral anticancer drugs over the past 20 years [3]. Outpatient
chemotherapy offers advantages such as reduced invasiveness
of administration and fewer hospital visits. However, compared
with inpatient chemotherapy, the lack of direct and frequent
observation by health care professionals can present safety
challenges. In practice, ensuring the safety of oral anticancer
drugs prescribed to patients is never easy for treating physicians
[4,5]. Additionally, for patients, the adverse events (AEs)
experienced after the initiation of treatment may be more
burdensome than those reported in clinical trials [6]. Therefore,
continuous medical support is essential, extending beyond the
hospital setting and involving collaboration with community
health care services. Community pharmacies, as the most
accessible health care providers, play a crucial role in monitoring
AEs in outpatients using oral anticancer drugs [7].

Among outpatient chemotherapy options, endocrine therapy is
a common treatment for patients with prostate cancer. In
particular, for patients with castration-resistant prostate cancer
(CRPC), androgen receptor axis-targeting reagents
(ARATs)—abiraterone acetate, apalutamide, darolutamide, and
enzalutamide—are taken long term in outpatient settings.
Therefore, effective AE monitoring can contribute to prolonged
treatment duration [8]. Furthermore, ARATs exhibit distinct
AE profiles depending on their pharmacological mechanisms
[9,10]. Abiraterone acetate, an androgen synthesis inhibitor, has
been reported to cause AEs such as hypertension, gastrointestinal
symptoms, fatigue, and liver dysfunction [11]. On the other
hand, apalutamide, darolutamide, and enzalutamide, which act
through androgen receptor (AR) signaling inhibition, have been
associated with AEs such as fatigue and dermatologic disorders
[12-15].

In Japan, outpatients prescribed ARATs typically have their
prescriptions filled at community pharmacies. Pharmacists at

these pharmacies dispense medications, provide patient
counseling, monitor for potential AEs, and document
pharmaceutical care records. Pharmaceutical care records are
commonly written in the SOAP (subjective, objective,
assessment, and plan) format [16]. In particular, the assessment
section contains pharmacists’ evaluations related to the patient's
pharmacotherapy and thus may be a fruitful source of
information about AEs experienced by patients. By
systematically collecting and analyzing the AEs and
pharmacists’ assessments accumulated in pharmaceutical care
records, it could be possible to clarify the AEs experienced
outside the hospital by outpatients prescribed ARATs.

However, pharmaceutical care records comprise huge amounts
of unstructured text data, including medical terms, accumulated
over time for individual patients, making them difficult to
analyze manually. Therefore, natural language processing
technology, particularly named entity recognition (NER), offers
a solution by enabling the extraction of patients’ illnesses and
symptom data from unstructured medical records [17,18].
Although studies using the NER system to analyze medical
texts in hospital inpatients have been reported in the past, few
studies have focused on outpatient care, especially in community
pharmacy settings, where pharmacists contribute to the safe
delivery of pharmacotherapy.

This study aimed to determine whether pharmacotherapy
monitoring of outpatients prescribed ARATs can be carried out
using NER to systematically collect AEs from pharmaceutical
care records, with a particular focus on assessment notes, which
may contain detailed records of AEs experienced by patients.

Methods

Outline
An overview of the experimental method is shown in Figure 1.
First, we evaluated the performance of the NER system using
assessment notes from pharmaceutical care records (STEP 1).
The NER system was then used to extract symptoms from the
pharmaceutical care records of patients prescribed ARATs
(STEP 2).
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Figure 1. Outline of the experimental method, including manual annotation on a data set, examination of the model's performance in terms of "position
match" and "exact match," and use of the named entity recognition (NER) system to extract symptoms from the pharmaceutical care records of patients
prescribed androgen receptor axis-targeting agents (ARATs). ENG: English; JPN: Japanese.

Model Description

System
Our objective was to evaluate the utility of pharmacist-assessed
symptoms extracted from pharmaceutical care records kept by
community pharmacies. To extract terms, we applied

MedNER-CR-JA, an existing Japanese medical term-extraction
system based on Bidirectional Encoder Representations from
Transformers (BERT) and that was trained using Japanese case
reports [19]. Given the input (pharmaceutical care records), the
NER system output the symptoms with the factuality (e.g.,
positive symptom, negative symptom). The factuality was
classified into 4 categories as shown in Table 1.

Table 1. Certainty attributes of symptom tags.

DefinitionSymptom tags

The symptom is observed in the patient.Positive

The symptom is suspected to be present in the patient.Suspicious

The symptom is not observed in the patient.Negative

The symptom is described without reference to the patient's condition.General

Materials
This study used data from patients at community pharmacies
(n=291,150) belonging to the Nakajima Pharmacy Group in
Japan from April 2020 to December 2021. The patients’ data
consisted of medication orders (structured data) and
pharmaceutical care records written in Japanese (unstructured
data, n=2,180,902).

First, to evaluate the performance of the NER system (STEP
1), we selected pharmaceutical care records of patients with at
least one prescription for anticancer drugs according to the
structured data, using the drug codes (YJ codes). YJ codes
starting with “42” in Japan indicate anticancer drugs. To
evaluate the NER system, we took data recorded during October
2021 through December 2021 at 11 randomly selected
pharmacies from the pharmacies with a history of anticancer
drug prescriptions. Second, to apply the NER system to
pharmaceutical care records (STEP 2), we extracted data for
patients prescribed ARATs at least once from April 2020

through December 2021 using individual YJ codes (Multimedia
Appendix 1) and used their assessment notes.

In both experiments (STEP 1 and STEP 2), we input the
preprocessed text into the NER system. For text preprocessing,
we removed line breaks and full-width and half-width spaces
from the target text and normalized the text (Unicode).
Furthermore, structured sections with template-based input were
excluded, and only free-text sections were used.

Performance Evaluations and Metrics for
Pharmaceutical Care Records
To evaluate the performance of the NER system on the
assessment notes in the pharmaceutical care records, we
performed manual annotation on a data set. We verified that the
NER system was able to assign symptom tags according to
existing annotation guidelines [20] with manual annotation
performed by 3 pharmaceutically proficient researchers (SY,
YY, KS). These researchers were selected based on their
pharmaceutical expertise. Two of them were licensed
pharmacists with over 5 years of experience in hospitals or
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pharmacies, while the third was a pharmacy student who had
completed a clinical internship in both a hospital and a
pharmacy. To ensure consistency and reliability in the study,
all researchers were expected to be familiar with the existing
guidelines regarding the study objectives, task procedures, and
evaluation criteria. The existing guidelines were standardized
to enable annotation even by nonmedical professionals. To
evaluate the consistency and generalizability of the annotation
guidelines across annotators, we randomly extracted 100 cases
from the target data, and these were annotated. Label agreement
was evaluated using the Fleiss kappa (κ) coefficient to assess
the concordance rate among the 3 researchers. Let Po be the
mean of the raters’agreement and Pe the degree of concentration
for each rating, then the calculation formula is as follows:

For a difficult task like NER, a score of around 0.6 is considered
a substantial match, and the obtained evaluations are considered
reasonably reliable [21].

After evaluating their agreement, the 3 researchers (SY, YY,
KS) annotated the entire data set. The model’s performance was
evaluated using “position match” and “exact match.” Position
match is a method that accepts a match with the correct data if
the tag's position and name are correct, while exact match
requires the tag’s position, name, and attributes to match with
the correct data. In the position match evaluation, if the position
is correct but the predicted tag name is different from the correct
tag name, it is considered incorrect. Therefore, in the exact
match, we calculated evaluation metrics separately for tags and
attributes, while in the position match, we calculated metrics
only for the tags. In both methods, the performance was
evaluated in terms of precision, recall, and F1-score:

Ethical Considerations
This study was conducted with anonymized data following
approval by the ethics committee of the Keio University Faculty
of Pharmacy (approval number: 240618-1) and was conducted
in accordance with the relevant guidelines and regulations and
the Declaration of Helsinki. Informed consent specific to this
study was waived due to the retrospective observational design
of the study based on the approval by the ethics committee of
the Keio University Faculty of Pharmacy. To respect the will
of each stakeholder, however, we provided patients and
pharmacists of the pharmacy group with an opportunity to refuse
the sharing of their pharmaceutical care records by posting an
overview of this study at each pharmacy store or on their
websites.

Results

Model Performance and Statistics
The data set used to evaluate the performance of the NER system
consisted of 1008 assessment notes. The average word count
per text in the target data was 48.3 words, with a median of 42.0
words and minimum and maximum values of 4 and 292 words,
respectively. The κ coefficient among the 3 annotators for 100
randomly extracted texts was 0.62.

The F1-score (NER excluding position matches and attribute
classification) was 0.72. This score is the macro-average of the
F1-scores for all attribute classifications (positive, suspicious,
negative, and general). For positive and negative symptom tags,
the F1-scores were 0.70 and 0.78, respectively (Table 2). The
F1-scores for all attribute classifications are shown in
Multimedia Appendix 2. The position matches showed an
excellent F1-score of 0.86 (Multimedia Appendix 2).

Table 2. Exact matches between the named entity recognition system and annotators.

F1-scoreRecallPrecisionTags

0.720.780.66All symptom tags

0.700.850.60Positive symptom tags

0.780.830.73Negative symptom tags

Assessment Notes for Patients Prescribed
Antiandrogens
Figure 2 shows the flowchart of the procedure for selecting
pharmaceutical care records. From April 2020 through
December 2021, 161 patients had at least one ARAT
prescription and corresponding assessment notes in their
pharmaceutical care records. There were 2193 assessment notes

recording pharmacists’ assessments. Additionally, 68 patients
had a history of prescriptions for the androgen synthesis inhibitor
abiraterone acetate, with 1045 assessment notes. There were
111 patients with a history of prescription for AR signal
transduction inhibitors enzalutamide, apalutamide, and
darolutamide, with 1466 assessment notes. On average, each
extracted assessment note contained 39.8 words.
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Figure 2. Flowchart for selecting pharmaceutical care records to evaluate the performance of the named entity recognition (NER) system (STEP 1)
and apply the NER system to pharmaceutical care records (STEP 2). ARAT: androgen receptor axis-targeting agent.

Prediction by the NER System
From 2193 assessment notes of patients prescribed ARATs, the
NER system automatically assigned 1900 symptom tags. Among
these 1900 symptom tags, 623 (32.8%) were positive symptom
tags, predicting the presence of symptoms, while the majority,
1067 (56.2%), were negative symptom tags, predicting the
absence of symptoms. Additionally, of the 1900 symptom tags,
there were 131 (6.9%) general symptom tags and 79 (4.2%)
suspicious symptom tags. Specifically, the positive symptom
tags were commonly assigned to notes describing “pain,” “skin
disorders,” “fatigue,” and “gastrointestinal symptoms.” The
negative symptom tags frequently appeared in descriptions
indicating general side effects such as “SE” or “side effects,”
accounting for 13.9% (148/1067) of the total. Furthermore,
entities with nonpositive symptom tags were AE expressions
related to ARATs, such as gastrointestinal symptoms,
neuropsychiatric symptoms, and cardiovascular symptoms
(Table 3). Other extracted symptoms included seizures and other
neuropsychiatric symptoms, cardiovascular symptoms, and
hepatic dysfunction. There were also descriptions of severe
AEs, including myelosuppression, interstitial pneumonia, and
rhabdomyolysis.

Next, the results were examined according to the
pharmacological mechanism of action of the ARATs. For
patients prescribed the androgen synthesis inhibitor abiraterone
acetate, 876 symptom tags were automatically assigned to 1045
assessment notes. The most common symptom tag was negative,

with 488 tags (488/876, 55.7%), while 283 positive symptom
tags were assigned (283/876, 32.3%; Multimedia Appendix 3).
Of the 876 tags, there were 64 (7.3%) general symptom tags
and 41 (4.7%) suspicious symptom tags. Regarding
characteristic expressions for patients taking abiraterone acetate,
“congestive heart failure” was frequently noted among the
positive symptom tags. Entities related to skin disorders, which
occur frequently in patients taking AR signal transduction
inhibitors, appeared infrequently in the top 20 entities.
Additionally, entities such as “congestive heart failure,”
“drug-induced liver injury,” and “hyperglycemia” were extracted
among nonpositive symptom tags.

For patients prescribed the AR signal transduction inhibitors
enzalutamide, apalutamide, and darolutamide, 1466 symptom
tags were automatically assigned to 1274 assessment notes.
Negative symptom tags were most common, amounting to 692
(692/1466, 47.2%), while positive symptom tags amounted to
438 (438/1466, 29.9%; Multimedia Appendix 4). Of the 1466
tags, there were 96 (6.5%) general symptom tags and 48 (3.3%)
suspicious symptom tags. Among the positive symptom tags,
characteristic entities for AR signal transduction inhibitors such
as “skin disorders” and “fatigue” were frequently noted.
Additionally, entities such as “seizures,” “psychiatric
symptoms,” and “cardiovascular diseases” were extracted among
the nonpositive symptom tags.

The differences in symptom entities collected based on the
pharmacological mechanism of prescribed ARATs are illustrated
in Figure 3.
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Table 3. Application of the named entity recognition (NER) system to assessment notes of patients prescribed androgen receptor axis-targeting agents
(ARATs), showing the top 20 entities.

Results, n (%)Entity (Japanese)

Positive symptom tags (n=623)

22 (3.5)Pain (痛み)

22 (3.5)Skin disorders (皮膚障害)

16 (2.6)Fatigue (倦怠感)

15 (2.4)Loss of appetite (食欲不振)

12 (1.9)Pain (疼痛)

11 (1.8)Prostate cancer (前立腺癌)

10 (1.6)Diarrhea (下痢)

10 (1.6)Poor compliance (コンプライアンス不良)

9 (1.4)Gastrointestinal symptoms (消化器症状)

9 (1.4)Constipation (便秘)

8 (1.3)Liver function disorders (肝機能障害)

8 (1.3)Itching (痒み)

8 (1.3)Congestive heart failure (うっ血性心不全)

7 (1.1)Hypoglycemia (低血糖)

7 (1.1)Dizziness (ふらつき)

7 (1.1)Skin symptoms (皮膚症状)

6 (1)Decreased appetite (食欲低下)

6 (1)Dry mouth (口渇)

6 (1)Decreased PSAa (PSA低下)

6 (1)Nausea (嘔気)

Negative symptom tags (n=1067)

117 (11)SE (SE)b

90 (8.4)Gastrointestinal symptoms (消化器症状)

32 (3)Neuropsychiatric symptoms (精神神経症状)

31 (2.9)Side effects (副作用)

27 (2.5)Changes in physical condition (体調変化)

22 (2.1)Cardiovascular symptoms (循環器症状)

21 (2)Good adherence (アドヒア良好)

17 (1.6)Adherence (アドヒア)

17 (1.6)Unpleasant symptoms (不快な症状)

16 (1.5)Symptom changes (症状変化)

14 (1.3)Missed dose (飲み忘れ)

13 (1.2)Side effect symptoms (副作用症状)

13 (1.2)Compliance (コンプライアンス)

12 (1.1)Adverse events (有害事象)

12 (1.1)Side effect symptoms (SE症状)

11 (1)Progress in physical condition (体調問題)

11 (1)Bleeding tendency (出血傾向)

11 (1)Hypoglycemia (低血糖)

11 (1)Pain (疼痛)
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Results, n (%)Entity (Japanese)

11 (1)Elevated PSA (PSA上昇)

aPSA: prostate-specific antigen.
bSE (SE): Side effects.

Figure 3. Main symptom entities extracted as positive for agents with different pharmacological mechanisms of action, including androgen synthesis
inhibitors (abiraterone acetate) and androgen receptor signaling inhibitors (enzalutamide, apalutamide, darolutamide), shown in order of the number of
adverse events extracted.

Discussion

Overview
We evaluated the performance of the NER system on
pharmaceutical care records and successfully extracted
symptoms, including AEs, from the free-text assessment notes
of community pharmacists. This study is the first to report the
use of the NER system to systematically identify AEs from
pharmaceutical care records of patients prescribed ARATs.

Predictive Performance of the NER System
The NER system exhibited robust performance on the
pharmaceutical care records analyzed. Although the kappa
statistics for annotation (0.62) indicate substantial agreement,
the following factors were considered to have contributed to
the decrease in the kappa. The most common type of
disagreement among annotators was related to the selection
range of the entity. Specifically, the annotation guidelines [16]
we referenced set the standard for selecting the entire range
when symptoms were expressed in parallel. However,
discrepancies in the interpretation of the range occurred among
the annotators. For example, for text such as “gastrointestinal
symptoms, hypoglycemia present,” disagreements arose over
whether to annotate this as “gastrointestinal symptoms” and
“hypoglycemia” or as “gastrointestinal symptoms,
hypoglycemia.”

The F1-score for symptom tagging (NER and attribute
classification) was 0.72, and the F1-scores for positive and
negative predictive performance ranged from 0.70 to 0.78. These

results indicate that the system is effective for analyzing the
pharmaceutical care records used in this study. Notably, the
system outperformed prior work by Ohno et al [22], who
reported an F1-score of 0.64 for assessment notes among the
SOAP format descriptions in Japanese hospital-based
pharmaceutical care records using MedNER-J (NER and positive
and negative classification). The NER evaluation method used
in this study assumed that entities that completely matched the
annotations were correct. In addition, many types of tags were
used, and the evaluation was conducted under more stringent
conditions.

Several factors may have affected model performance. In
particular, there were specific expressions in pharmaceutical
care records that we recognized as causing frequent errors in
NER predictions during the performance evaluation. First,
pharmacist assessment records often include descriptions related
to medication adherence. The NER system sometimes
incorrectly recognized terms such as “adherence” and
“compliance” as symptom entities (for example, the entity
“adherence” was predicted as a symptom expression). Second,
pharmacist assessment records frequently included descriptions
related to AE confirmation, often using nuanced expressions
characteristic of Japanese, such as “no suspicion of XX.” As a
result, the NER system occasionally predicted “suspicious” for
negative symptom expressions (for example, the entity
“interstitial pneumonia” was predicted as suspected in the
sentence “no suspicion of interstitial pneumonia,” whereas the
correct status should be negative). Additionally, the system
showed low extraction rates for entities related to hypertension,
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which is a side effect specific to enzalutamide acetate, as well
as blood glucose–related expressions associated with
concomitant corticosteroids and expressions related to
hypokalemia, possibly because vital sign–related terms like
“blood pressure” and “blood glucose” were treated as test values
rather than symptoms. Another challenge was interpreting
negation patterns, such as “No symptoms: XX (Symptoms)”
and “Symptoms (-),” which may have led to incorrect symptom
tagging.

AEs Identified in Pharmaceutical Care Records for
Patients Prescribed ARATs
Our analysis of pharmacists’assessment records for outpatients
prescribed ARATs revealed that over 90% of the records
contained symptom tags. The extracted entities predominantly
indicated symptoms related to AEs commonly seen in patients
treated with ARATs. Common positive symptom entities
included “pain,” “skin disorders,” “fatigue,” “anorexia,” and
other typical side effects of ARATs. “Pain” was the most
frequently identified symptom, reflecting the high prevalence
of bone metastases in patients with CRPC requiring ARAT
therapy. A study using the Frankfurt Metastatic Cancer Database
of the Prostate reported that 78% of patients with CRPC had
bone metastases [23].

On the other hand, the fact that the top 20 entities accounted
for less than one-third of the total positive symptom tags
suggests that many symptoms occur with low frequency,
resulting in a long-tail distribution. This indicates that a large
portion of symptom tags is dispersed across numerous
less-frequent entities. This distribution indicates that the NER
system has the sensitivity to capture a wide range of symptoms.
However, it also suggests the need for standardization if the
aim is to extract specific symptom expressions.

Entities other than positive symptom tags were serious AEs
such as “interstitial pneumonia,” “myelosuppression,” and
“rhabdomyolysis.” Interestingly, many of the negative symptom
tags indicated the absence of severe AEs, suggesting that
pharmacists were actively monitoring for signs of AEs and
documenting the absence of signs. These negative assessments,
particularly for rare but serious AEs, highlight the thoroughness
of pharmacists in ensuring the safety of outpatient
pharmacotherapy.

Drug-Specific Monitoring by Community Pharmacists
There are two types of ARATs with different pharmacological
mechanisms of action: androgen synthesis inhibition and AR
signaling inhibition. Each category is associated with distinct
AEs, which require tailored care. Despite the common indication
for ARATs, this study highlights the differences in pharmacists’
monitoring based on drug type.

The most characteristic positive symptom extracted for
abiraterone acetate, an androgen synthesis inhibitor, was “heart
failure,” a critical AE requiring close monitoring. In addition,
“cardiovascular symptoms,” “congestive heart failure,”
“rhabdomyolysis,” and “drug-induced liver injury” were also
identified as nonpositive symptoms.

For patients prescribed AR signaling inhibitors (enzalutamide,
apalutamide, darolutamide), the most frequently extracted
positive symptoms included “skin problems,” “fatigue,” and
“gastrointestinal symptoms,” which are common AEs that are
important to monitor. “Skin disorder” was more frequently
reported as a symptom for AR signaling inhibitors, whereas it
was less commonly reported for abiraterone acetate, an androgen
synthesis inhibitor. In addition, “gastrointestinal symptoms”
and “neuropsychiatric symptoms” were extracted from the
nonpositive symptom tags. “Seizures” were also extracted from
the nonpositive symptom tags. Seizures are a serious AE
specifically associated with AR signaling inhibitors [15,24,25].

These results indicate that, even though ARATs are used for
the same purpose, pharmacists should pay particular attention
to certain AEs depending on the pharmacological mechanism
of each type of ARAT.

Comparison With Prior Work
The NER system used in this study has previously been reported
to be applicable to medical records documented in electronic
medical records within hospitals in Japan [22,26,27]. For
example, Ohno et al [22] reported an F1-score of 0.64 for an
NER system applied to hospital-based pharmaceutical records.
In contrast, this study applied the NER system to pharmaceutical
records documented in community pharmacies outside hospitals
and achieved an F1-score of 0.72 under more stringent
evaluation conditions.

A key feature of this study is its focus on pharmaceutical care
records by community pharmacists, which tend to include more
diverse and nuanced expressions of outpatients than electronic
medical records. Furthermore, our previous studies have
demonstrated that patients with hand-foot syndrome and serious
AEs can be identified using NLP applied to pharmaceutical care
records by community pharmacies [28]. In this study, the NER
system enabled the extraction of a wide range of AEs, not
limited to specific side effects. These results highlight
advancements in NER methodologies and underscore their
applicability in real-world outpatient settings.

Limitations
This study has several limitations. First, the content of
pharmaceutical care records may vary depending on the
pharmacists' experience, the role of each pharmacy, and the
condition of the patients. Second, this study focused on the
extraction of AEs and did not include symptom normalization.
As a result, synonymous entities such as “pain” were counted
separately. Third, the pharmacies included in this study were
part of a single pharmacy group, which may limit the
generalizability of the findings to other pharmacy settings.

Prospects
The NER system used in this study enabled the automated
analysis of a large volume of records accumulated by community
pharmacists. This system can extract symptoms from text,
determine their factuality, and monitor patients’symptoms over
time. Additionally, error analysis of the NER system applied
to pharmaceutical medical records by community pharmacists
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can contribute to the appropriate and effective use of NER
systems in the future.

Our findings support the idea that NER technology offers the
potential for real-time and longitudinal monitoring of patients’
symptoms through the seamless integration of local health care
systems, including community pharmacies. In hospital electronic
health records, it has been demonstrated that the accuracy of
detecting AEs improves when physicians’ notes are combined
with records from nurses and pharmacists [23]. Similarly, for
outpatients, AEs identified by community pharmacists may play
a key role in effective monitoring. This approach would extend
beyond the confines of hospital-based electronic medical record
systems. By using NER technology, it should be possible to
gain detailed insights into drug efficacy and the progression of
AEs. Moreover, it should enable earlier interventions and timely
adjustments to treatment plans, particularly for outpatients who
may otherwise have limited direct interaction with health care
providers

Conclusions
We evaluated the performance of the NER system on Japanese
medical text, focusing on pharmaceutical care records by
community pharmacists. The NER system successfully extracted
AEs from pharmaceutical care records. This is the first study
to apply NER to the pharmaceutical care records of patients
prescribed ARATs in community settings. Our analysis of
pharmacists’ assessment records for outpatients prescribed
ARATs revealed that over 90% of the records contained
symptom tags. Notably, ARATs have distinct pharmacological
mechanisms and exhibit different AE profiles, and the NER
system successfully captured these variations. Furthermore, it
highlights the role of community pharmacists in monitoring
specific AEs related to ARAT therapy and, importantly, in
documenting the absence of severe AEs as well. This study
demonstrates that NER can effectively capture symptoms
reported by outpatients and documented by community
pharmacists, complementing hospital records and contributing
to a more comprehensive understanding of AEs in outpatient
settings. The NER system is expected to be a valuable tool for
enhancing pharmacotherapy monitoring in outpatient settings.
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Abstract

Background: For patients with cancer, the pathway to diagnosis will most often begin in general practice. In the absence of
strong diagnostic features or in patients with nonspecific symptoms, delays in diagnosis can occur. Initial presentations and routine
blood tests are important in determining whether a patient requires further investigation. Quality improvement interventions,
including auditing tools and clinical decision support (CDS), have been developed for use in general practice to support this
diagnostic process. We conducted a process evaluation of a pragmatic, cluster-randomized trial that evaluated the effectiveness
of a new technology, Future Health Today (FHT), implemented in general practice to assist with the appropriate follow-up of
patients at risk of undiagnosed cancer.

Objectives: This study aims to understand implementation gaps, explore differences between the general practices involved,
provide context to the trial effectiveness outcomes, and understand the mechanisms behind the intervention successes and failures.

Methods: The trial intervention consisted of the FHT tool (with CDS, audit, recall, and quality improvement components),
training and educational sessions, benchmarking reports, and ongoing practice support. The 21 general practices in the intervention
arm of the trial were included in the process evaluation. Process data were collected using semistructured interviews, usability
and educational session surveys, engagement with intervention components, and technical logs. The Medical Research Council’s
Framework for Developing and Evaluating Complex Interventions was used to analyze and interpret the data.

Results: The uptake of the supporting components of the intervention (training and education sessions, benchmarking reports)
was low. Most practices only used the CDS component of the tool, facilitated by active delivery, with general practitioners
reporting acceptability and ease of use. Complexity, time, and resources were reported as barriers to the use of the auditing tool.
Access to a study coordinator and ongoing practice support facilitated the sustained involvement of practices in the trial, while
contextual factors, such as the COVID-19 pandemic and staff turnover, impacted their level of participation. The relevance of
the intervention varied between practices, with some practices reporting very low numbers of patients who were flagged for
further investigation.

Conclusions: While some components of the intervention, such as the CDS tool, were considered to be acceptable and useful,
this process evaluation highlighted barriers such as time and resources, practice differences, and considerations around the optimal
amount of support needed when delivering the intervention. Addressing these in future studies may optimize the implementation
process. Further work is needed to determine if a scaled-back approach, which meets the time and resource availability of a busy
general practice, can effectively facilitate the implementation of CDS tools. Given the variation seen between practices, the use
of the FHT cancer module may be better targeted to certain practices based on size, location, and patient demographics.

(JMIR Cancer 2025;11:e65461)   doi:10.2196/65461
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Introduction

Diagnosing cancer early can improve patient outcomes and
quality of life [1,2]. But, in general practice, the timely detection
of cancer can be challenging in the absence of strong diagnostic
features, often resulting in prolonged diagnostic intervals [3-5].
In patients presenting to general practice with nonspecific
symptoms, the use of routine blood tests can guide
decision-making [6]. There is strong evidence that supports the
diagnostic utility of abnormal blood tests (eg, iron-deficiency
anemia and raised platelets) for multiple cancer types [7-9].
However, suboptimal follow-up and management of abnormal
test results have been shown to contribute to delays in diagnosis
[10].

Inadequate follow-up of abnormal test results may occur in the
case of diagnostic errors, but is also influenced by the general
practitioners’ (GPs) experience and training; perceptions of
cancer care and investigations; patient characteristics; and health
system pressures [11,12]. For example, controversy and
confusion about prostate-specific antigen (PSA) testing, coupled
with changing guidelines and revised thresholds for what is
abnormal, contribute to lower follow-up rates in men who have
a raised PSA. Surprisingly, there are very few trials that look
at modifying the practitioner- and practice-level barriers to
following up abnormal results [11].

The general practice electronic medical record (EMR) allows
for the integration of novel technologies, where algorithms
apply epidemiological data on the underlying risks of
undiagnosed cancer based on symptoms and test results to
monitor and identify patients who may benefit from further
investigation [13]. Clinical decision support (CDS) systems
assist in clinical decision-making, where such tools are linked
to patient data to produce patient-specific recommendations or
prompts for the GP to consider [14,15]. Similarly, auditing tools
that use patient information from the EMR enable practice
population-level management and review and have the potential
to capture patients who are at risk of being lost to follow-up
[16,17]. Evidence suggests that tools that highlight patients for
review, referral, or further investigation based on evidence-based
guidelines can improve patient care, but many of these tools
designed to support diagnosis in general practice are met with
low uptake and implementation difficulties [18-20].

Complex interventions are used to assess the effectiveness and
utility of such tools in general practice. Yet implementing
complex interventions can be distinctly difficult, as they involve
multiple interrelated components and there are often multiple
levels where change is required [21]. Process evaluation can
aid in the understanding of the factors that influence how or
why a complex intervention succeeds or fails. This study
presents the results of a process evaluation of a pragmatic trial,
Future Health Today (FHT). This complex intervention
consisted of a novel CDS and auditing software, education,
quality improvement (QI), and practice support. The pragmatic

trial evaluated whether the intervention, which flagged patients
with an abnormal blood test that may be indicative of
undiagnosed cancer (FHT cancer module), increased the
proportion of patients receiving guideline-based care. By gaining
process information, we aim to better understand the
implementation gaps, explore differences between the general
practices involved, understand the interactions between
intervention components, and provide context to understand the
effectiveness of the intervention.

Methods

Intervention Description and Study Population
The FHT study was a pragmatic cluster-randomized controlled
trial that evaluated the effectiveness of a QI intervention [22].
Pragmatic trials, by definition, are trials that evaluate an
intervention in everyday practice, with the aim of measuring
the effectiveness of the intervention in routine clinical practice
rather than under ideal conditions [23,24]. The implementation
of the FHT software and the trial components (including
implementation strategies) were applied and adapted to
real-world conditions to understand and evaluate how the tool
would be used in routine general practice.

The components of the complex intervention included the FHT
software, training and educational sessions, benchmarking
reports, and practice support. The trial was conducted between
October 2021 and September 2022. Practices were randomly
allocated to participate in either the intervention (follow-up of
patients with abnormal blood test results associated with the
risk of undiagnosed cancer) or the active control (which had
access to a different FHT module). As the aim of this process
evaluation was to explore the factors critical to the
implementation of the cancer module, our study population
comprises the 21 intervention arm practices only; results for
the active control intervention will be reported separately. The
study protocol has been published on the Australia and New
Zealand Clinical Trial Registry (ACTRN12620000993998)
[25].

FHT was integrated within the general practice EMR and
consisted of a CDS tool, a web-based audit and feedback tool,
and the capacity for general practices to monitor their QI
activities [26]. Disease-specific modules were developed for
use in FHT. The cancer module used patient information in the
EMR (age, sex, previous cancer diagnosis) and results of
abnormal tests associated with undiagnosed cancers. The FHT
cancer module consisted of 3 central algorithms, designed to
assist GPs by flagging patients with abnormal blood test results
that are associated with an increased risk of undiagnosed cancer:
markers of iron deficiency and anemia, raised PSA, and raised
platelet count). The CDS component of the tool activates when
the GP or general practice nurse (GPN) opens the patients’
medical record, displaying a prompt on screen with
guideline-concordant recommendations, such as the review of
relevant symptoms or appropriate investigations (Figure 1).

JMIR Cancer 2025 | vol. 11 | e65461 | p.869https://cancer.jmir.org/2025/1/e65461
(page number not for citation purposes)

Chima et alJMIR CANCER

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


There is also a web-based portal, containing an auditing tool;
a QI monitoring tool; and access to resources, guidelines,
education, and training, which can be accessed on any computer
with FHT installed. Algorithms run each night, extracting data
from the practice management software database (eg, Best
Practice or Medical Director), processing the data locally by

applying FHT algorithms (the data does not leave the practice),
and categorizing the results. Examples of a CDS prompt and
the audit tool are presented in Multimedia Appendix 1. Further
details on the development of the tool and the cancer module
explored in this study have been described elsewhere [27-29].

Figure 1. An example of the clinical decision support tool as it appears in the medical record. Simulated patient data are used in this image.

In the pragmatic trial, FHT was installed on general practice
computers before study initiation. On the first day of the trial,
practices were asked to create 3 cohorts of patients using the
FHT auditing tool, one for each abnormal blood test (raised
PSA, raised platelets, and markers of anemia). The cohorts
included all patients identified by the FHT cancer module who
had recommendations for guideline-based follow-up (as part of
the trial, practices could then review the patient cohorts and
determine if further follow-up was necessary). Cohorts were
created again at the 6-month mark, using the audit tool, so that
benchmarking information could be determined. After
generating the cohorts, practices were invited to use FHT as
they chose during the trial.

Implementation of the software was supported by a number of
additional intervention components. This multifactorial
implementation strategy was informed by the Reach,
Effectiveness, Adoption, Implementation, and Maintenance
framework, with strategies that were relevant and useful to
general practice [30]. These components have previously been
shown to increase reach; they are low intensity and high impact,
with the purpose of limiting implementation workload while
promoting continued engagement with the intervention [31,32].
Training on the use of FHT was offered regularly in the lead
up to and in the first month of the trial, and then monthly
thereafter. Each practice was assigned a study coordinator, who
conducted the Zoom-based training sessions on how to use FHT,
assisted with any technological queries, and facilitated requests
for support throughout the trial. Practices had access to short

training videos on YouTube and a range of short- and long-form
written training guides. In addition, 6 Project ECHO (Extension
for Community Healthcare Outcomes) [33] educational sessions
were run on the topics of cancer diagnosis and QI, each
consisting of a 10-minute didactic session, a 10-minute case
discussion, followed by an open discussion for approximately
20‐30 minutes. The ECHO sessions were delivered via a
webinar, and general practice staff were invited to attend.
Quarterly benchmarking reports were provided to practices to
review their progress in the follow-up of patients who had been
flagged by the tool, and to compare their progress to other
practices in the trial. All practices were required to nominate a
practice champion to lead the implementation of FHT in their
practice and to be the primary point of contact with the study
coordinator during the trial, managing the installation and
technical queries, facilitating ongoing use of the tool, identifying
staff for process evaluation interviews and to disseminating trial
related information to the practice. The goal of the practice
champion in this study was to mirror the pragmatic approach
of the intervention (eg, they were asked to filter and disseminate
information to the practice using an approach that best reflects
their individual practice needs and current processes).

Ethical Considerations
The study was approved by the Faculty of Medicine, Dentistry
and Health Sciences Human Ethics Sub-Committee at the
University of Melbourne (ID:2056564). While practices
consented on behalf of all practice staff to participate in the
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wider trial, additional written consent was obtained for all
interviews. Interview participants were compensated A $100
(US $64.83) for their time. Practice champions also consented
separately and were compensated A $200 (US $129.66) for their
role as practice champions. All participant data were deidentified
and kept anonymous.

Data Collection
Data were collected via qualitative interviews, usability surveys,
technical queries, engagement logs, and educational session
surveys. For the semistructured interviews, all practice
champions were contacted via phone and email to participate
in an interview in the first and last months of the trial. The
practice champion was most commonly a practice manager
(PM) or GPN, but GPs occasionally took on this role during the
trial (eg, due to staff changes). The semistructured interviews
were conducted over the phone. The interviews were conducted
by study researchers (SC, NL, and BH; see the following section
on researcher characteristics). The duration of the interviews
ranged between 15 and 42 minutes. The interview guides were
developed using the Clinical Performance Feedback Intervention
Theory framework [34] and were pilot-tested during earlier
optimization work on the FHT cancer module [27]. The
interviews explored installation, intervention delivery,
implementation barriers and facilitators, goals, and usability
(see Multimedia Appendix 2 for interview schedule). The
interviews explored similar themes at each timepoint, although
earlier interviews included questions around goals and intention,
and the final interviews explored long-term implementation and
sustainability. GPs and GPNs were also recruited for interviews
in month 6 of the trial. These interviews have been reported
separately [35], as the purpose of the clinical interviews was to
explore the acceptability of the clinical recommendations and
impact on clinical practice, rather than explore the
implementation of the wider intervention.

Usability surveys were sent to practice champions in months 1
and 12 of the trial, with the request to distribute them to the rest
of the practice. The survey was delivered via web using REDCap
(Research Electronic Data Capture; Vanderbilt University) [36]
and included 30 questions (multichoice or free text). This survey
was anonymous but captured general demographic information
about the user and the general practice in which they work. The
survey then explored the use and experience with the
intervention (eg, length of time using the tool, what components
have been used, and feedback and engagement with the
intervention components). The survey also included a System
Usability Scale (SUS) a 5-point Likert scale that quantifies the
perceived usability of FHT [37]. The usability survey was
developed by the study implementation team and is available
in full in Multimedia Appendix 3).

Postsession ECHO surveys were sent to all ECHO session
participants via REDCap after each educational session and
collected both demographic information and feedback on the
specific learning outcomes of each webinar. The survey
consisted of 23 multiple-choice or free-text questions. An
example survey from one of the webinars is included in
Multimedia Appendix 4.

Information on the number of installations in each practice, the
number of individual users, and recommendation queries
(submitted through the technology by the practice) was collected
using the FHT technology. Technical reports, including any
technical queries by the practice throughout the trial, were
recorded by the study coordinator. All engagements between
the practice and the study team (study coordinator and technical
team), were recorded by the study coordinator and categorized
by content (eg, technical queries, training, and administrative
items). Implementation diaries were kept by study coordinators
to record contextual information (eg, changes in COVID-19
pandemic guidelines, immunization rollout, and general practice
initiatives) throughout the trial.

Researcher Characteristics
SC is a PhD candidate at the Department of General Practice
and Primary Care, University of Melbourne. BH, a senior
qualitative research fellow in the department is the
implementation lead for the FHT trial. NL is a postdoctoral
research fellow who was the study coordinator for the active
control arm of the trial. All are female and experienced in
qualitative research and conducting semistructured interviews.
Some interview participants were known to the interviewer,
given their position in delivering the intervention and supporting
the implementation in practices throughout the trial.

Data Analysis
Recorded interviews were transcribed and imported into NVivo
(version 12; Lumivero). Process evaluation data were analyzed
independently (SC and BH), prior to trial effectiveness
outcomes, so as not to bias the interpretation of the results. Each
researcher independently conducted a structured, deductive
content analysis of the interview transcripts to extract key
themes in the data. The results of the content analysis were
collated, and themes were presented to the research team. To
promote trustworthiness, analytical codes and emerging concepts
and categories were discussed at multiple points in the analysis.
Positionality was discussed by the coding team, including how
established relationships, biases, and experiences may influence
their relationship to the study data, and reflexive notes were
kept [38,39]. The interpretation of the key findings and
discrepancies in interpretations was discussed with the wider
team. The results of the evaluation were then mapped onto the
UK Medical Research Council (MRC) framework [40,41].

While several frameworks are available to explore and evaluate
the implementation of an intervention, the MRC framework
was chosen as it is designed for evaluating complex
interventions. It has previously been shown to be useful in
evaluating the delivery of new technologies in complex
environments and in instances of a multi-faceted implementation
approach [42,43]. The framework includes overarching themes
of context, implementation, and mechanisms of impact and
provides a mechanism for understanding the implementation
successes and failures (Figure 2) [40,41]. In the figure, the data
sources from the trial are mapped onto the 4 process evaluation
components as outlined by the MRC framework
(implementation, context, mechanisms of impact, and
outcomes). The figure outlines the core components and
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questions underpinning each theme, and the process data used to answer these questions.

Figure 2. How the process evaluation data are mapped onto the Medical Research Council framework. ECHO: Extension for Community Healthcare
Outcomes; FHT: Future Health Today; GP: general practitioner; GPN: general practice nurse.

Results

Overview
A total of 21 practices participated in the process evaluation.
Characteristics of the participating practices are described in
Table 1. Characteristics of the interview participants are outlined
in Table 2. Participation in other components of the process

evaluation (usability survey, ECHO surveys) and additional
general practice details are outlined in Multimedia Appendix
5. In summary, 25 interviews were conducted with 19 practice
champions in the first and last months of the trial. A total of 12
usability surveys were completed, and 13 post-ECHO session
surveys. Usability survey responses included a mix of PMs
(n=4), GPNs (n=4), and GPs (n=3), as well as one receptionist
(n=1).
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Table . General practice characteristics.

Practices (n=21), n (%)Practice characteristics

State

20 (95)    Victoria

1 (5)    Tasmania

Relative Socioeconomic Disadvantage Index (Terciles)

6 (29)    1 (most disadvantaged)

6 (29)    2

9 (42)    3 (least disadvantaged)

9 (43)Previously participated in QIa program

    Practice size

12 (57)    4 or fewer FTEb GPsc

9 (43)    Greater than 4 FTE GPs

Rurality

15 (71)    Metro

6 (29)    Rural

aQI: quality improvement.
bFTE: full-time equivalent.
cGP: general practitioner.

Table . Interview participants by timepoint.

Month 12Month 1

Role, n (%)

1 (9)1 (7)    GPa

4 (36)2 (14)    GPNb

5 (46)11 (79)    PMc

1 (9)0 (0)    Admin

Gender, n (%)

11 (100)13 (93)    Women

0 (0)1 (7)    Men

Rurality, n (%)

5 (45)11 (79)    Metro

6 (55)3 (21)    Rural

1114Number of interviewees, n

913Number of practices, n

aGP: general practitioner.
bGPN: general practice nurse.
cPM: practice manager.

Results have been mapped onto the 3 themes of implementation,
context, and mechanisms of impact.

Trial Results Summary
The results of the cluster randomized controlled trial did not
demonstrate a significant improvement in follow-up in the
intervention arm [22]. At 12 months, 76.2% (2820/3709) of
patients with abnormal test results in the intervention arm had

been followed up compared with 70% in the control arm, with
an estimated difference of 2.6% (95% CI −2.8% to 7.9%). No
significant differences were identified in the secondary analyses
or in the time to follow-up of abnormal tests for patients flagged
by the tool. The following results of the process evaluation
provide some context for the null outcome of the trial and
suggest areas for improvement in the development and
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implementation of CDS and audit software for cancer diagnosis
in general practice.

Implementation
There were 3 core themes on implementation: intervention
delivery, installation, and general practice characteristics, each
underpinned by different evaluation data sources. Intervention
delivery was supported by data from engagement logs and
educational session surveys, installation and general practice
characteristics were supported by data from technical reports,
and all 3 drew from qualitative interview data.

Intervention Delivery
The intervention consisted of multiple components: the FHT
software components (CDS, an auditing tool, and QI monitoring)
and the supporting trial components (educational ECHO
sessions, zoom-based training sessions, benchmarking reports,
and other web-based learning components that practices could
opt-in to use). The uptake of the supporting elements of the trial
was generally low, except for the initial formal training sessions.
GPs, GPNs, and PMs from all intervention practices were invited
to the Project ECHO sessions, yet attendance ranged from 2 to
9 people per session, a mix of GPs and GPNs. Three key barriers
were assessed as driving the low uptake of these trial
components. First, the supporting components of the intervention
were promoted via phone calls, newsletters, and regular emails
to the practice champion, so it is possible that the knowledge
of each session may not have reached the whole practice,
dependent on how the practice champion decided to distribute
this information to the practice (eg, internal email systems).
The second barrier is the time and resource cost associated with
each component. For example, attendance at training sessions
and ECHO sessions (1 h each), during or after work hours, was
not feasible for many clinical staff. The final barrier relates to
recognized need and usability, with many practices reporting
that they could use the CDS tool and the cancer
recommendations adequately, without the need for additional
education or training.

It’s quite straightforward and quite well explained
so it didn’t need anything extra particularly. [GP,
female, month 1]

Installation
The installation of the software was completed in the month
prior to study initiation, with practices having access to a
“practice” module on diabetes in the 2 weeks prior to study
initiation so any technical issues could be addressed. The
installation, which was done remotely and without much
interruption to the practice, was reported to be a smooth process
for most. For those who required additional assistance, the use
of a study coordinator and technical support ensured PMs felt
well-supported during this process.

I think what really has gone well is how it seamlessly
was implemented. There was no - there’s no
interruption. [PM, female, month 1]

Due to the pragmatic approach of the trial, practices determined
how many workstations in their practice would have FHT
installed at the start of the trial. A total of 14 practices had FHT

installed on all clinical computers. Five practices had FHT
installed on only one computer at trial initiation, and of these,
4 made the decision to add FHT to additional computers later
in the trial. Implementation logs and technical reports indicate
that 3 practices were offline for a short period of time (range:
2‐6 wk), although this does not appear to have had a significant
impact on the use of the system.

General Practice Characteristics
There was a large variation in the number of patients identified
for follow-up across practices. Three inner-city practices, which
had a younger and transient patient population, reported that
the cancer module may not be useful in their clinic, given the
low number of patients flagged by FHT. For example, in one
practice, only 14 patients were flagged for follow-up during the
entire 12-month trial period. While these practices
acknowledged that the FHT cancer module was less useful for
them, it did not deter them from continuing to use the tool after
the trial, where they would have access to additional FHT
modules (see Software Usability section).

Actually, it is cancer topic I don’t think that it is very
suitable for our clinic because our clinic – the
majority of our patients are international students,
and they are very young. [PM, female, month 12]

Context
In exploring context, there were 2 prominent themes: the
COVID-19 pandemic and staff turnover. Both themes were
underpinned by engagement logs, implementation diaries, and
qualitative interviews.

COVID-19
The FHT trial was conducted during the COVID-19 pandemic.
In Victoria, restrictions were placed on how and when people
could leave their homes, with Melbourne experiencing
lockdowns for 262 days during the pandemic. There was a major
shift in usual care, and many consultations were conducted via
telehealth. During 2020, there was an 8% reduction in
cancer-related diagnostic tests nationally, with greater reductions
seen in Victoria [44]. The trial continued during a nationwide
COVID-19 immunization rollout in primary care, and the burden
on general practice was high. There were reports throughout
the trial that practices could not devote as much time as they
would have liked to FHT or to attend the ECHO sessions due
to competing webinars related to COVID-19.

It’s been a time of change, a lot of updates, a lot of
new technology with telehealth. Yeah, there’s been a
lot going on because of COVID. [PM, male, month
12]

Staff Turnover
Consequently, staff turnover was a common theme throughout
the trial, and the resultant loss of information and increased
resource pressure featured heavily in the month 12 interviews.
A total of 9 practice champions left their practice during the
trial, with 2 practices ending the trial with no replacement. Many
interviewees talked about the magnitude of staff turnover during
the pandemic and how it was a barrier to use and to keep up
momentum in the study.
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We lost two staff, and two doctors at the end of last
year. Now we’ve got two doctors that we’re training
again. We started off from scratch again. [GPN,
female, month 12]

Mechanisms of Impact
We found 4 mechanisms associated with the delivery of the
intervention: adoption and integration, training and support,
software usability, and clinical recommendations. The sources
of data varied within each theme. Technical reports, usability
surveys, and interviews supported adoption and integration.
Training and support were underpinned by engagement logs,
education session surveys, and interviews. Software usability
was supported by the usability survey, interviews, and
engagement logs. The final theme of clinical recommendations
was elucidated from technical reports (in particular,
recommendation queries), which were further explored in the
educational sessions and qualitative interviews.

Adoption and Integration
The majority of practices reported that they did not use the QI
and audit and recall components of the tool, only the CDS,
which was delivered at the point of care. The CDS was
considered easy to use and quick to learn and was therefore
easily integrated into the clinical workflow by matching the
resources available in a busy general practice. However, the
audit, recall, and QI components of the tool encountered a
number of barriers. First, in comparison to the CDS tool, where
recommendations are actively delivered to the GP, the audit
and recall tool requires the user to visit a web page and log on
to access this part of the tool. Second, there were additional
layers of complexity and multiple steps involved in order to
identify, review, and recall patients identified in the audit tool.

Training and Support
The level of engagement between the study coordinator and
most participating practices was high, and the support provided
by the research and technical team facilitated the continued
involvement of practices in the study. No practices in the
intervention arm withdrew during the study period.

The co-operation between the teams and myself was
amazing. There were no issues whatsoever and they
were always there to help … it was really good. [PM,
female, month 12]

Practice staff who attended training sessions or used the
web-based resources found the training adequate enough to use
the tool, and practice champions reported that they would be
comfortable training other members of the practice who could
not attend. However, in most interviews, especially with the
GPs who did not attend the training sessions, it became evident
that components of training on how to use FHT did not reach
the entire practice. For example, many GPs were unaware of
the patient deferral button (which allows GPs to pause
recommendations for a patient for a specified period of time)
or that there are patient resources available. The post-ECHO
session surveys highlighted that the education and case
discussion components of the ECHO sessions were useful to
GPs and GPNs in managing more complex patient scenarios,
but did not influence the way in which the tool was used.

Software Usability
Of the 12 usability survey responses, 11 (92%) would
recommend FHT to others. As part of the usability survey,
respondents filled in a SUS [37]. The results of the survey align
with the separate qualitative results from the clinical interviews
in that FHT is reported to be easy to use, simple, and intuitive
[35]. The average SUS score from the respondents was 74 (out
of 100), consistent with an above-average score (average
score=68; score >70 is considered good).

Acceptance and perceived usefulness of the FHT software were
indicated by the number of practices agreeing to continue using
the FHT software posttrial. A total of 18 of the 21 practices
opted to continue using the software after the trial ended
(practices were offered a 3 mo extension), and 17 practices
opted to continue using the tool into 2023‐24.

Clinical Recommendations
The software included a menu option to “report recommendation
query” if the GP or GPN thought the recommendation was
appearing in error or wanted further information. Five queries
about the clinical recommendations in FHT, from 3 practices,
were received during the trial. The most frequent
recommendation query centered around the clinical
recommendations for raised platelets. The risk of undiagnosed

cancer increases at a platelet count threshold of 400×109/L, but
different laboratories report an upper limit of either 400 or 450

× 109/L; this caused some confusion among GPs if a patient

was flagged with a count in the range of 400‐450x 109/L. This
issue was addressed in training sessions and regular
communications (monthly emails, newsletters), but the perceived
error may have impacted some GPs’ willingness to use the tool
and their trust in the recommendations. Interestingly, there were
no queries about the recommendations for raised PSA (the FHT
recommendations were based on current Australian guidelines
for PSA follow-up with a lower limit of 3ng/mL in men over
50, which contrasts with some laboratories that report a lower
limit of the normal range of 4ng/mL). Established referral
pathways and familiarity with the abnormal test as a cancer
marker (raised platelet is a relatively new marker of cancer)
may have been a contributing factor to this difference in
response.

Discussion

Overview
In this study, we describe a comprehensive process evaluation
exploring the delivery of a complex intervention as part of a
pragmatic, randomized trial, where a module to support cancer
diagnosis was implemented in general practice. The process
evaluation describes implementation gaps and the mechanisms
that drive implementation successes and failures in order to
provide context to the outcomes from the trial [22].

Principal Findings
The FHT cancer module intervention did not demonstrate a
significant improvement in the follow-up of abnormal test results
in the patients flagged by the tool. While we hypothesize that
the high-performing practices across both arms may have led
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to a ceiling effect (ie, there was limited room for improvement
given the high rates of follow-up in both arms), an absence of
any intervention effect may in part be due to implementation
barriers, primarily relating to practice characteristics and
contextual factors. There was limited ability for some specific
practices to engage with the tool when their patient population
was not suited to the FHT module that was implemented. Given
this variation in the relevance and usefulness between practices,
the use of the FHT cancer module may be better targeted to
certain practices based on size, location, and patient
demographics.

Comparison to Prior Work
In comparison to interventions with only one component,
complex interventions require more time and resources, and
are, unsurprisingly, more difficult to implement [31,45]. We
found that the uptake of the supportive components of the
intervention was low, aside from some initial training on the
software. It was also indicated in the interviews that the
supporting components were not considered necessary to use
the CDS. While the implementation of new software in general
practice requires some training and support, the results of this
process evaluation indicate that a scaled-back approach to
implementation, one which aligns with the time and resources
available to general practice, may have been sufficient for the
CDS component of the tool [46]. However, given the null
outcomes of the trial, the low uptake of the audit tool, and
significant contextual factors (COVID-19 pandemic), more
work is needed to determine the usefulness of each component,
or combination of components, in supporting this type of change
in practice.

Implementing new technologies in general practice is a complex
and dynamic process, and despite the potential to improve
patient outcomes, many tools have low uptake after
implementation [47,48]. The trial consisted of a number of
implementation strategies that aimed to optimize the uptake of
FHT in routine care, and these methods were applied primarily
at the professional level (eg, education or training strategies
targeting health care professionals and identification of practice
champions) [49]. We found that the use of a practice coordinator
facilitated the continued involvement and engagement of
practices throughout the trial, similar to previously reported
successful implementation strategies used in complex
evaluations delivered in general practice. One overview of
reviews concluded that practice facilitators, who work with
practices in areas such as QI, problem-solving, and education,
are almost 3 times as likely to adopt evidence-based guidelines,
and practice facilitation improved the adoption of guidelines
associated with many chronic diseases [32]. But given the large
amount of staff turnover, driven by the COVID-19 pandemic,
identifying, maintaining, and replacing practice champions was
difficult and resulted in a loss of information and a barrier to
engagement for some practices.

Strengths and Limitations
This process evaluation was extensive, with a multi-modal
approach to collecting process data, including interviews,
surveys, technical and software data, engagement logs, and
implementation diaries. Interviews and usability surveys were

carried out at 2 time points during the trial, to address the
dynamic nature of implementation barriers and facilitators and
how perceptions of the tool can change over time. This
substantive evaluation provides context to a complex
intervention and the environment in which it was implemented.

There were, however, some limitations. While all practices were
invited to take part or contribute to each component of the
process evaluation, there were 3 practices who did not
participate in an interview at any timepoint or complete any
surveys. The opt-in method for the interviews and surveys meant
that we may not have sufficiently captured the views of practices
who were less engaged with the intervention. These 3 practices
did contribute some data to the process evaluation, through
software data, technical information, and engagement logs,
which were captured from all practices involved in the trial.

The burden of the COVID-19 pandemic in general practice and
the resultant impact on staffing was a core theme throughout
the process evaluation and provided context when interpreting
the trial results. A second limitation was that the pandemic also
likely impacted the time, availability, and resources for general
practice staff to participate in the interviews and contributed to
the low response rate for the usability survey. To mitigate this,
we provided numerous opportunities for users to engage in
interviews and respond to surveys throughout the trial and
promoted such activities through the continued engagement
with each practice champion.

Finally, we had originally planned on including some additional
software use statistics to complement the qualitative components
of the intervention; however, incomplete data prohibited our
ability to do so. Software use data would have allowed us to
triangulate users’ responses via interviews and surveys with
their time using the software, including what parts of the tool
they used and when. Future studies would benefit from including
software statistics to cross-check the qualitative results.

Implications and Future Research
There are implications for both research and practice. While
the FHT cancer module did not increase the proportion of
patients followed up according to guidelines, the process
evaluation highlighted factors around usability, which facilitated
the adoption and integration of the CDS component of the tool.
This, coupled with the acceptability findings from separate
clinical interviews [35], and the willingness of the majority of
practices to continue using the tool after the trial finished,
indicates that different modules developed for use in FHT should
be explored, as well as CDS tools for cancer diagnosis more
broadly. There are also considerations for designing complex
interventions that involve the use of a new technology. Given
the low uptake of the supporting components of the tool, but
indications of use and acceptability of the CDS component of
the software, it is unclear whether a multifaceted implementation
strategy is useful when implementing new CDS tools, especially
if it has been carefully co-designed to meet the needs of users.
Future work should be undertaken to determine if a scaled-back
approach, which meets the time and resource availability of
general practice, could be as effective in supporting the delivery
of novel CDS tools.
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Conclusions
This process evaluation highlights the implementation and
process-related gaps that could be addressed in future studies
that aim to implement diagnostic support tools for cancer in

general practice. While some of the factors were context-specific
(eg, driven by the COVID-19 pandemic), barriers such as time,
resources, and practice variations, alongside considerations of
design elements, could be built upon to optimize future CDS
and QI programs.
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Abstract

Background: Despite its potential to predict and detect early cancer risks, genetic testing remains underused by the public. This
study, guided by the health belief model (HBM), examined key factors influencing an individual’s willingness to undergo genetic
testing for cancer, with a particular focus on gender, caregiver status, and participation in online social support groups.

Objective: This study aimed to explore the factors that can influence the individual’s decision to undergo preventative genetic
testing for cancer so that more informed action can be taken to encourage the individuals to engage in preventative health behavior.

Methods: This study uses data collected from the 2020 Health Information National Trends Survey (HINTS 5 Cycle 4), which
included 2947 respondents representing 199,510,996 US adults aged 18 years and older. Multivariable logistic regression and
survey-weighted generalized linear models were applied to examine the relationship between cancer genetic testing and caregiver
status, participation in online support groups, gender, and constructs associated with the HBM, while controlling for
sociodemographic and health-related characteristics.

Results: Our findings show that women are more likely to undergo cancer genetic testing, with gender moderating the influence
of perceived susceptibility (β=2.54, P=.03) and severity (β=0.94, P<.050) on testing decisions. In line with the HBM, perceived
benefits (β=0.19, P=.03) and cues to action (β=2.86, P<.001) increase the likelihood of testing. Results also show that caregivers
of patients with cancer (β=1.25, P=.04) and those actively participating in online health support groups (β=0.47, P=.04) are also
more likely to engage in cancer genetic testing.

Conclusions: Cancer remains a significant health challenge in the United States, with 1.8 million new cases and 606,520 deaths
annually. Early detection is vital for treatment success. This study investigates factors influencing the decision to undergo genetic
testing for cancer. The examination of caregiver status and online support groups as influencing factors, along with the HBM,
provided a significant theoretical contribution to the health care research domain. Results indicated that caregivers and men should
be directly targeted with messaging on genetic cancer screening as a proactive health behavior. Additionally, online support
groups can promote early detection and encourage participation in genetic testing. Future research should further explore
implementing proactive outreach strategies to encourage wider adoption of genetic testing for cancer.

(JMIR Cancer 2025;11:e67650)   doi:10.2196/67650

KEYWORDS

genetic testing; cancer; health belief model; caregiver status; online social support; gender differences

Introduction

Overview
Cancer remains one of the most urgent health challenges in the
United States, with approximately 2 million new cases and
611,000 deaths projected to occur in the United States in 2024
[1]. These figures highlight the importance of early detection

and timely intervention, which are critical for improving
treatment outcomes and reducing cancer-related mortality [2].
Early detection, particularly through predictive methods, enables
health care providers to identify cancers at earlier stages, where
treatment options can significantly improve the chances of
successful outcomes. Consequently, the development and
widespread adoption of effective screening strategies have
become paramount in the fight against cancer.
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Among these strategies, genetic testing has emerged as a pivotal
tool in cancer prevention and early detection [3]. By analyzing
an individual’s DNA, genetic testing can identify mutations that
may predispose individuals to various forms of cancer [4]. This
predictive capability empowers individuals with knowledge
that allows them to take preventive actions or pursue early
treatments. As medical science and technology continue to
advance, the scope of genetic testing has expanded to detect a
wide range of inherited disorders, making it an indispensable
approach for reducing cancer risk [5,6].

The health belief model (HBM) offers a valuable framework to
understand why individuals engage in preventive behaviors like
genetic testing. The HBM suggests that individuals’ health
behaviors are shaped by their perceptions of susceptibility,
severity, and the benefits of action [7]. This model has been
widely applied to the study of various preventive health actions,
including vaccinations for H1N1 [8] and COVID-19 [9], as well
as screening for conditions like diabetes [10] and several types
of cancer [11-14]. Alongside the HBM, three key
factors—caregiver status, participation in online social support
groups, and gender—are likely to influence preventive behaviors
related to genetic testing.

Caregivers, who are often family members, gain a deeply
personal and intimate understanding of cancer’s devastating
impact. Due to shared genetic ties and family history, these
caregivers frequently face a higher risk of developing cancer
themselves [15,16]. Their close connection to the disease makes
them a critical demographic for studying behaviors related to
genetic testing. Given their heightened risk and firsthand
exposure to cancer, caregivers may be particularly motivated
to pursue genetic testing as a preventive measure.

In addition to caregiver status, online social support groups have
been shown to play a crucial role in promoting preventive
behaviors. Hwang et al [17] demonstrated that participation in
online peer support groups significantly increased motivation
for colorectal cancer screening, reinforcing participants’ belief
in the effectiveness of early detection. Lastly, gender has a
profound influence on preventive health actions. Research
indicates that women tend to be more proactive in engaging in
preventive health behaviors [18-20]. For instance, women with
low social support are less likely to participate in breast cancer
screening, further illustrating the interplay between social
support and gender in health decision-making behaviors [21].

The remainder of this paper is organized as follows. First, we
provide an overview of the literature on genetic testing and the
HBM. Next, we develop hypotheses and propose our research
model. We then outline the research methodology and present
the results. Following this, we discuss the findings, exploring
both theoretical and practical implications. Finally, we conclude
with a summary of the key insights gained from this research
and address its limitations.

Background
Advancements in identifying gene mutations have made genetic
testing a crucial tool in reducing illness and death by enabling
early detection and preventive measures [5]. Predictive genetic
testing, which assesses an individual’s risk of developing

diseases like cancer, focuses on identifying genetic mutations
linked to disease susceptibility [22]. However, challenges persist
in diagnosing hereditary breast and ovarian cancers, particularly
in terms of genetic literacy and interpreting test results [23].
Nelson et al [24] emphasize the critical role of genetic
counseling in BRCA-related cancer testing, highlighting the
importance of providing informed decision-making support to
patients.

Prior research also suggests that people with a family history
of cancer often overestimate their risk. Their decisions about
genetic testing are often influenced more by their subjective
perceptions of vulnerability than by objective data [25]. This
cognitive bias can lead to increased anxiety. It may cause
individuals to rush into testing without enough information or
avoid testing out of fear of the results. Despite these
misperceptions, genetic testing consistently offers significant
benefits, regardless of the outcome. Whether the results confirm
a genetic predisposition or provide reassurance, testing allows
individuals to make informed health decisions, take preventive
measures, and access appropriate counseling and support
services [26]. This highlights the importance of education and
counseling in helping individuals to more accurately interpret
genetic risks and use the information to make effective health
care choices.

Caregivers of patients with cancer often play a pivotal role in
health care decision-making, including decisions about genetic
testing [27]. As primary support figures, caregivers are
frequently involved in gathering health-related information,
navigating complex medical choices, and encouraging
preventative behaviors. Social support groups, both in-person
and online, have been shown to provide critical informational
and emotional support during these processes [28]. With the
rise of online communities, individuals considering genetic
testing now have greater access to peer support and shared
experiences. Silence [29] demonstrated that online cancer
communities facilitate advice-seeking and information-sharing,
creating a valuable space for individuals to navigate genetic
testing options. Similarly, Ruco et al [30] found that online
social interactions significantly increase participation in cancer
screening, highlighting the potential of these platforms to
influence health-related behaviors. Given their influence in
health decisions and the growing prevalence of online support
networks, understanding the combined impact of caregiver
status and participation in online social support groups is
essential for accurately capturing the social and behavioral
drivers behind genetic testing decisions.

The HBM is frequently used to examine health behaviors by
considering factors such as perceived susceptibility, severity,
cues to action, benefits, barriers, and demographic variables
[7]. Bunn et al [31] and Hartman [32] successfully applied the
HBM to predict decisions about preventive screenings, like
colon cancer screening and mammography. The HBM provides
a robust framework for understanding and influencing
health-related decision-making, particularly in the context of
preventive interventions such as genetic testing.
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Theoretical Model

Health Belief Model—Perceived Susceptibility
Perceived susceptibility is an individual’s belief about their
likelihood of experiencing a health condition and is a key driver
of health-related behavior according to the HBM [33,34].
Research consistently demonstrates that higher perceived
susceptibility significantly influences medical decisions. For
instance, Champion and Skinner [35] found that women with
greater perceived susceptibility to breast cancer were more likely
to undergo mammography. Similarly, Irigoyen-Camacho et al
[36] observed that older adults with heightened perceived
susceptibility to COVID-19 engaged more in preventive
behaviors. Meta-analyses further confirm the strong correlation
between perceived susceptibility and health behavior change
[37,38]. Thus, we hypothesize the following:

Hypothesis H1a: Perceived susceptibility positively influences
an individual’s decision to undergo genetic testing for cancer.

Further, the impact of perceived susceptibility varies by gender.
Studies suggest that women generally perceive greater health
risks and, therefore, are more likely to adopt health-promoting
behaviors, such as regular screenings and healthier lifestyles
[39]. For example, Lisha et al [40] found that women with
similar levels of physical activity as men had lower alcohol
consumption. Based on this, we hypothesize the following:

Hypothesis H1b: Gender moderates the relationship between
perceived susceptibility and an individual’s decision to undergo
genetic testing for cancer.

Health Belief Model—Perceived Severity
Perceived severity refers to an individual’s belief about the
seriousness of contracting an illness [34]. According to the
HBM, higher perceived severity increases motivation to engage
in health-promoting behaviors [35]. Studies by Witte and Allen
[41] and Brewer et al [37] show that individuals who perceive
health threats as severe are more likely to adopt preventive
measures, such as vaccination. Similarly, Irigoyen-Camacho et
al [36] found that the perceived severity of COVID-19
significantly influenced compliance with stay-at-home
guidelines. He et al [42] also reported that individuals with high
perceived severity of colorectal cancer were more likely to
undergo colonoscopy. These findings highlight the pivotal role
of perceived severity in driving medical action. Thus, we
hypothesize the following:

Hypothesis H2a: Perceived severity positively influences an
individual’s decision to undergo genetic testing for cancer.

Further, extant research found that women perceive risks higher
and engage in more preventive health behaviors [43]. Women
generally report higher levels of perceived severity regarding
health issues compared to men, and this heightened perception
is linked to greater engagement in preventive health behaviors
[39]. Sattler et al [44] also demonstrated that women were more
likely than men to perceive the severity of health threats such
as COVID-19, which translated into a higher likelihood of
adopting recommended health behaviors. Thus, we extend this
notion and hypothesize the following:

Hypothesis H2b: Gender moderates the relationship between
perceived severity and an individual’s decision to undergo
genetic testing for cancer.

Health Belief Model—Perceived Benefit
Perceived benefits refer to an individual’s belief in the positive
outcomes of a health action, and they play a crucial role in
motivating behavior change [35]. For instance, individuals are
more likely to engage in physical activity if they believe it will
lead to significant health improvements [45]. Similarly, Chen
et al [46] found that perceived benefits significantly impact
decisions to get vaccinated. Chen et al [47] further confirmed
the association between perceived benefits and preventive
behaviors. Bosompra et al [48] found that perceived benefits
significantly impacted decisions to undergo genetic testing for
cancer susceptibility. Based on this, we hypothesize the
following:

Hypothesis H3: Perceived benefits positively influence an
individual’s decision to undergo genetic testing for cancer.

Health Belief Model—Perceived Barrier
Perceived barriers refer to an individual’s assessment of
obstacles that hinder the adoption of health-related behaviors
[34]. Research consistently shows that these barriers negatively
impact medical decision-making. According to the HBM,
barriers may include factors such as cost, time, inconvenience,
and fear of adverse outcomes [35]. A systematic review by
Al-Noumani et al [49] identifies perceived barriers as a key
predictor of poor adherence to health behavior changes in
chronic conditions. Similarly, studies demonstrate that perceived
barriers influence compliance with COVID-19 preventive
measures over time [50,51]. Building upon these findings, we
hypothesize the following:

Hypothesis H4: Perceived barriers negatively influence an
individual’s decision to undergo genetic testing for cancer.

Health Belief Model—Cues to Action
Cues to action are stimuli that prompt individuals to engage in
health-promoting behaviors and are crucial for motivating
medical action [35]. In the HBM, cues can be internal, such as
experiencing symptoms, or external, like advice from others or
health campaigns. Carpenter [52] found that both internal cues,
like symptoms, and external cues, such as media messages,
significantly increase the likelihood of seeking medical care.
Similarly, Glanz et al [53] showed that health communication
campaigns effectively acted as external cues, leading to higher
vaccination and screening rates. Based on this, we hypothesize
the following:

Hypothesis H5: Cues to action positively influence an
individual’s decision to undergo genetic testing for cancer.

Caregiving
A caregiver provides care and support to someone with
health-related needs due to chronic illness, disability, or aging
[54]. When a family member is diagnosed with cancer,
caregivers are deeply involved in diagnosis, treatment, and
survivorship care [55]. During this time, they interact closely
with health care providers, gather medical information, and
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witness their loved one’s experiences. The Center for Disease
Control encourages caregivers to practice self-care and engage
in preventive health care [56]. Research shows that spousal
caregivers are more likely to undergo cancer screenings [57,58],
with evidence of increased screening for stomach, breast, and
cervical cancer among caregivers [59]. Additionally, caregivers
are more likely to adopt health-promoting behaviors [60].
Extending this idea to genetic testing, we hypothesize the
following:

Hypothesis H6: Caregiving positively influences an individual’s
decision to undergo genetic testing for cancer.

Online Social Support
Online social support groups provide a platform for individuals
to share experiences and receive encouragement from others
facing similar health challenges. This support fosters motivation
and adherence to health goals. Participants often feel more

committed to their health plans when they receive positive
feedback and peer encouragement [61]. These groups also offer
emotional support, reducing stress and anxiety, leading to better
adherence to health-promoting behaviors and overall well-being
[62]. Additionally, personalized advice from peers who have
faced similar issues can be more practical and relevant than
generic information, resulting in more effective health behavior
changes [63]. A systematic review further supports the
effectiveness of social media tools in delivering interventions
for cancer prevention and management [64,65]. Based on these
insights, we hypothesize the following:

Hypothesis H7: Participation in online health communities
positively influences an individual’s decision to undergo genetic
testing for cancer.

Based on these hypotheses, our proposed research model is
presented in Figure 1.

Figure 1. Research model.

Methods

Data
We used data from the 2020 National Cancer Institute Health
Information National Trends Survey (HINTS 5 Cycle 4) survey,

which is publicly available on the HINTS website [66]. Table
1 presents the correlations between the principal variables with
survey weights. High correlations can indicate multicollinearity,
but all correlations fall below the threshold of 0.5 [67], so
multicollinearity was not an issue. The table also includes the
means and SDs for the key variables.
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Table . Correlation matrix.

OSSfCCeCUESdPBENcPSEVbPSUSaSDMean

1.0000.6650.732PSUS

1.0000.0100.9512.509PSEV

1.0000.0100.0601.5859.873PBEN

1.0000.100−0.1200.1600.7040.438CUES

1.0000.020−0.0900.0300.0300.3690.019CC

1.0000.0100.0400.0600.040−0.0200.7460.266OSS

aPSUS: Perceived susceptibility.
bPSEV: Perceived severity.
cPBEN: Perceived benefit.
dCUES: Cues to action.
eCC: Caregiving cancer.
fOSS: Online social support.

Measurements
The complete set of questionnaires for the dependent,
independent, and control variables can be found in Multimedia
Appendix 1. Although many variables are measured using
multi-item scales, some are captured through single-item
measures. The use of single-item measures is deemed
appropriate when the question is straightforward and
unambiguous, minimizing the risk of varied interpretation [68].
Moreover, single-item measures are widely recognized and
commonly used within the health care domain [60,69,70], further
supporting their validity in this study.

Outcome Variable: Cancer Genetic Testing
The main outcome variable “Had cancer genetic test” is a
dichotomous variable and coded “1” for an individual who had
a genetic test for cancer, otherwise “0.” In our data, 142
respondents said they had cancer genetic testing; this represents
8,368,022 in the population when using survey weights. In total,
2805 respondents said they never had cancer genetic testing,
which represents 191,142,974 in the population when using
survey weights.

We effectively mitigated the potential concern of skewed
outcome variables through the application of survey weights.
Survey weights are designed to adjust for the complex survey
design, including oversampling and nonresponse, ensuring that
the results are representative of the target population. Studies
have shown that when survey weights are appropriately applied,
they can correct for biases introduced by skewed distributions
in outcome variables, leading to more accurate and generalizable
results [71].

Primary Independent Variables: Cancer Caregiver
and Online Social Support
Caregiver cancer is coded as ‘1’ if the individual is caring for
or making medical decisions for someone with cancer, and ‘0’
otherwise. Online social support is coded as ‘2’ for individuals
who both share health information on social networking sites
and participate in an online forum or support group related to
similar health or medical issues. If they engage in only one of

these activities, it is coded as ‘1,’ and if neither activity is
present, it is coded as ‘0.’

Support Independent Variables: Health Belief Model
Perceived susceptibility is coded as “1” if first- or second-degree
biological relatives had cancer, otherwise “0.” Perceived severity
ranges from “1” to “5” for respondents’ general health, varying
from “Excellent” to “Poor.” Cues to action are coded as “1” if
respondents have heard of cancer genetic testing, otherwise “0.”

The perceived benefit was obtained by summing respondents’
answers to 3 survey questions: How important is knowing a
person’s genetic information for preventing cancer? How
important is knowing a person’s genetic information for
detecting cancer? and How important is knowing a person’s
genetic information for treating cancer. These questions have
4 options from “Not at all” to “Very.” Several papers have
pointed to income as a potential barrier to preventative health
care [72,73]. Hence, we consider income as a proxy for
perceived barrier, and it has 5 categories “1” to “5.” Less than
US $20,000 is coded as “1” while US $75,000 or more is coded
as “5.”

Moderating Variable: Gender
Females were coded as “1” and male as “0.”

Control Variables
Race, education, marital status, insurance, and age were used
as controls in the model. Whites were coded as “1” and
non-Whites were coded as “0.” Education of more than high
school was coded “1” for individuals, otherwise “0.” For married
individuals, married was coded as “1”, or else “0.” Insured
individuals were coded as “1” or else “0.” We used the natural
log of “Age” in our model as “Age” varies from 18 to 102 years.

Statistical Analysis
This study uses survey weights to report national estimates. We
used survey-weighted generalized linear models to test the
hypotheses in R using the “survey” package. We used
HINTS-supplied survey weights using jackknife variance
estimation techniques to account for the complex HINTS
sampling design and to calculate nationally representative
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estimates [74]. Since we used publicly available deidentified
data, the Institutional Review Board review was exempted.

Common Method Variance
Data collected with a self-reported single survey may suffer
from common method variance (CMV), which hampers the
relationship between the variables [75]. To check if our data
are suffering from CMV, we used the marker variable technique
[76]. A marker variable is a variable that is theoretically
unrelated to one or more of the principal variables measured in
the study and typically should have a low correlation with the
variables of interest.

The  theore t ica l ly  unre la ted  cons t ruc t
“UnderstandOnlineMedRec” (UOM) was used as a marker
variable. The correlation between the marker variable UOM
and other principal variables is very low, indicating that CMV
is not a problem. The UOM for perceived susceptiblity was
0.03, that for perceived severity was 0.18, that for perceived
benefit was −0.03, that for cues to action was −0.21, that for
caregiving cancer was 0.02, and that for online social support
was 0.02.

Ethical Considerations
The HINTS 5 survey, conducted with the general population,
underwent expedited review and received approval from the
Westat Institutional Review Board on March 28, 2016 (project
no. 6048.14). In addition, on April 25, 2016, the National
Institutes of Health Office of Human Subjects Research
determined that the survey did not involve human subjects
research, providing an exemption (exempt no. 13204) [77]. This
analysis used deidentified, publicly available data from the
HINTS, which did not constitute human subjects research as
defined by 45 CFR 46.102 and, therefore, did not require IRB
review. The original consent and IRB approval cover secondary
analysis without the need for additional consent. No
compensation was provided for participation.

Results

Study Population Characteristics
The data include 3865 civilian, noninstitutionalized US adults
aged 18 or older. After filtering for valid responses to the
question about genetic testing for high-risk cancer, our final
sample consisted of 2947 respondents, representing 199,510,996
US adults. Descriptive statistics of the survey respondents are
shown in Table 2 with survey weights applied.
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Table . Descriptive statistics.

With survey weightsSample size, n (%)Demographic characteristics

199,510,9962947 (100)

Gender

91,565,8881126 (38.21)    Male

98,228,8421623 (55.07)    Female

Race

151,626,3582192 (74.38)    White

36,607,304594 (20.16)    Non-White

Education

50,563,767597 (20.26)    Up to high school

145,310,4612278 (77.3)    More than high school

Insured

180,753,2262775 (97.35)    Yes

18,757,770172 (2.65)    No

Married

94,007,7481434 (48.66)    Yes

101,703,0461443 (48.96)    No

Income

23,749,725395 (13.4)    Less than US $20,000

17,936,144312 (10.59)US $20,000 to < US $35,000

21,823,964344 (11.67)US $35,000 to <US $50,000

35,145,330488 (16.56)US $50,000 to < US $75,000

87,555,7971153 (39.12)US $75,000 or more

Age, years

18-10218-102    Range

47.17 (17.26)55.34 (16.65)    Mean (SD)

Multivariable Logistic Regression Analysis
In Table 3, we present the results from the multivariate
survey-weighted generalized linear model that provide

significant insights into the factors influencing individuals’
decisions to undergo genetic testing for cancer.
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Table . Regression results.

SignificantPr(>|t|)t valueSEEstimateHypothesis and vari-
ables

H1a

No0.3616−0.9260.76458−0.70805    Perceived susceptibil-
ity

H1b

Yes0.03492.2061.151162.53956    Perceived susceptibil-
ity: female

H2a

No0.1372−1.5260.38515−0.58773    Perceived severity

H2b

Yes0.03912.1550.437950.94366    Perceived severity:
female

H3

Yes0.03732.1760.086850.18903    Perceived benefit

H4

No0.1127−1.6320.68477−1.11782    Income 2

No0.7935−0.2640.64841−0.17123    Income 3

No0.46220.7450.591090.44008    Income 4

No0.91540.1070.556420.05962    Income 5

H5

Yes1.47E-055.1320.556722.85722    Cues to action

H6

Yes0.04532.0860.600461.25257    Caregiving cancer

H7

Yes0.04912.0490.230930.47306    Online social sup-
port

Yes0.0237−2.3791.46416−3.48317    Female

No0.6106−0.5140.30504−0.1569    Married

Yes0.01012.7410.430071.17877    LogAge

No0.8575−0.1810.43618−0.07895    White

Yes0.0401−2.1420.35812−0.76716    HighSchoolMore

No0.08221.7961.218072.18795    Insurance

The analysis did not identify a significant direct relationship
between perceived susceptibility and the decision to undergo
genetic testing (β=−0.70805, P=.36), leading to the rejection
of hypothesis H1a. However, gender was found to be a
significant moderator in this relationship. Specifically, women
who perceive themselves as susceptible to cancer are
significantly more likely to pursue genetic testing (β=2.53956,
P=.03), providing support for hypothesis H1b.

Similarly, no significant direct association was observed
between perceived severity and the decision to undergo genetic
testing (β=−.58773, P=.13), leading to the rejection of
hypothesis H2a. However, gender again played a moderating
role in this relationship. Women were more likely than men to

opt for genetic testing when they perceived cancer as a severe
threat (β=.94366, P=.03), supporting hypothesis H2b.

Beyond gender effects, the findings indicate that individuals
who perceive greater benefits from genetic testing are more
inclined to undergo testing (β=.18903, P=.03), confirming
hypothesis H3. The expected relationship between perceived
barriers—represented by income in this study—and genetic
testing decisions (hypothesis H4) was not supported
(β=−1.11782,−0.17123, 0.44008, 0.05962, P>.05).

Cues to action emerged as a significant predictor of genetic
testing decisions, with greater exposure to such cues being
strongly associated with an increased likelihood of pursuing
genetic testing (β=2.85722, P<.001), supporting hypothesis H5.
Additionally, individuals who serve as caregivers for patients
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with cancer were found to be significantly more likely to engage
in genetic testing themselves (β=1.25257, P=.04), confirming
hypothesis H6. Lastly, participation in online social health
groups was positively associated with the likelihood of
undergoing genetic testing (β=.47306, P=.04), supporting
hypothesis H7.

Discussion

Summary of Findings
In line with previous research [78,79], our findings indicate that
perceived susceptibility alone may not be enough to motivate
individuals to undergo genetic testing. This suggests that
additional cues to action or contextual influences may play a
crucial role in shaping decision-making.

Moreover, the results show that perceived susceptibility has a
stronger effect on genetic testing behavior among women
compared to men. One possible explanation is that women may
be more sensitive to health risks, particularly hereditary cancers
such as breast and ovarian cancer, making them more likely to
act on their perceived vulnerability.

This finding is consistent with existing literature [80,81], which
suggests that while perceived severity is an important factor, it
may not be a sufficient motivator for health-related behaviors
without the presence of additional reinforcing elements.

The results also emphasize the importance of accounting for
gender differences in health risk perceptions and
decision-making. Women’s stronger response to perceived
severity may be attributed to their heightened awareness of
specific cancer risks and a greater tendency to engage in
proactive health behaviors.

Additionally, our findings reinforce a core principle of the HBM,
which asserts that perceived benefits are a key driver of
health-related actions.

Results further suggest that traditional barriers, such as cost,
are being alleviated through evolving health care policies and
financial assistance programs [82,83]. Measures such as
subsidized testing, reduced out-of-pocket expenses, and
insurance coverage for preventive screenings have helped
minimize these obstacles [84].

Cues to action emerged as a significant predictor of genetic
testing decisions. One explanation for this finding is the
changing health care landscape, particularly in preventative care
and personalized medicine. Many providers now recognize the
value of genetic testing for early risk identification, prompting
efforts to reduce financial and logistical barriers [85]. Major
insurers increasingly cover preventative genetic testing, reducing
costs for individuals [86]. Additionally, online support groups
play a role by informing individuals about available financial
assistance and providing emotional support, reducing
psychological barriers like fear or anxiety about test results [87].
These developments suggest that the traditional “perceived
barriers” construct in the HBM may not be relevant in the
context of genetic cancer testing.

Another important result from the study is the role of caregiving
in influencing decisions to undergo genetic testing. This finding
underscores the role of online communities in promoting
health-related behaviors by providing access to information,
emotional support, and shared experiences. These groups act
as cues to action by reducing uncertainty and raising awareness
about the benefits of genetic testing, empowering individuals
to make more informed health care decisions, especially in
preventative care contexts.

Theoretical Contributions
Our study extends the prior body of research on HBM by
examining factors that influence an individual’s decision to
undergo cancer genetic testing and incorporating variables that
have not been widely explored in prior research. One of the key
theoretical advancements of this study is the evidence supporting
the moderating role of gender in the relationship between
perceived susceptibility, perceived severity, and health behavior
change. Our results demonstrate that women are significantly
more likely to undergo genetic testing when they perceive higher
susceptibility or severity of cancer, thus supporting the
hypotheses related to gender moderation. Gender disparity in
health decision-making behavior is rooted in cultural,
psychological, or social factors that make women more
responsive to health risks, particularly those related to cancer,
such as breast and ovarian cancer. These findings align with
prior research indicating that women are generally more
responsive to health risks, particularly in the context of cancer
(eg, breast and ovarian cancers), where early detection and
preventive measures are critical [35,88]. This gender-specific
behavior underscores the need for health interventions that are
tailored to reflect differences in health perceptions and behaviors
between men and women.

This study extends the HBM by incorporating caregiving as a
variable that influences health behaviors. Our results indicate
that individuals who are caregivers to patients with cancer are
significantly more likely to engage in cancer genetic testing.
Caregivers, who are often emotionally and practically involved
in managing the health of others, are more attuned to genetic
risks and motivated to take preventive action for their own health
[89]. This finding suggests that future interventions could target
caregivers specifically, providing them with information about
the benefits of genetic testing and encouraging preventive health
behaviors.

Furthermore, the study highlights the growing importance of
digital communities, such as online social health groups, in
shaping health behaviors. Our analysis shows that participation
in these groups is positively associated with the likelihood of
undergoing genetic testing. This finding is consistent with
existing literature that points to the influence of social networks
on health behavior change [90,91] and the growing importance
of digital communities in shaping health behaviors. Online
platforms can serve as a source of information, support, and
motivation for individuals contemplating health-related
decisions. In online platforms, individuals can share experiences,
advice, and support, building virtual environments that
encourage proactive health actions like genetic testing. As such,
health practitioners and policy makers could leverage the power
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of these digital communities to enhance awareness and promote
the benefits of genetic testing and other preventive health
measures.

Practical Implications
This study’s findings have several practical implications for
health care providers and public health campaigns. Our results
support the importance of perceived benefits in the decision to
get genetic testing. Efforts to promote cancer genetic testing
should focus on clearly communicating the benefits of early
detection, such as the ability to develop personalized cancer
treatment plans using information from genetic testing. Early
diagnosis significantly improves cancer outcomes, particularly
when care is provided at the earliest possible stage [92].
Especially with cancer genetic tests, there is immense potential
to facilitate early detection and personalized treatment strategies
[93]. Our results also support the importance of cues to action
in the decision to get genetic testing. Timely and effective
communication can motivate individuals to take proactive steps
in their health care journey. However, the success of these
interventions depends on individuals’ willingness to engage in
preventive health behaviors. Public health officials can pursue
changes to health care policy that will incentivize individuals
to be proactive about their health and get genetic cancer
screenings. Financial incentives have proven to be effective in
encouraging individuals to get screenings [94]. Employers
already reduce individual monthly insurance premiums by
requiring employees to get regular health screenings [95].
Insurance providers can simply add free or reduced-cost genetic
cancer screening in the included health care screenings, thus
implicitly encouraging and supporting individuals to get
screened.

The moderating role of gender highlights the need for improved
public health campaigns directed towards men. The Center for
Disease Control highlights that “men have higher rates of getting
and dying from cancer than women” [96]. There is a lack of
online social discourse on genetic testing, which may be the
reason for lower male engagement with genetic testing [97]. To
address this concern, there has been a notable increase in the
number of public health campaigns encouraging men to get
screening tests. Recent research has examined how to leverage
social media to bring public awareness to the value of genetic
testing for prostate cancer [98]. Further efforts in this area could
focus on developing messaging on the benefits of early detection
using gender-coded language to specifically target men. To
improve online social discourse on cancer genetic testing [97],
public health organizations can post informative messages on
X (formerly Twitter) to encourage discussion of genetic testing,
create and participate in regional Facebook groups and pages
to develop a community of men interested in genetic testing,
and share Facebook and YouTube videos to dispel concerns
and address any misconceptions regarding genetic testing.
Additionally, our research found the role of caregivers is
particularly noteworthy. Our results indicate that caregivers are
more likely to seek genetic testing, potentially due to their
heightened awareness of cancer risk factors through their
caregiving experience [98]. Health care providers should
recognize caregivers as a key demographic for targeted
interventions. By educating caregivers on the benefits of genetic

testing, both for themselves and their families, health care
professionals can increase the uptake of this preventive measure.
Caregivers, often deeply involved in health care decisions, could
also serve as advocates for genetic testing within their broader
social networks, further amplifying the reach of these
interventions.

In addition, the positive association between online social health
group participation and genetic testing uptake suggests that
digital platforms can be effective tools for health promotion.
These platforms, where individuals can share experiences and
seek advice, provide a valuable avenue for disseminating
information about the benefits of genetic testing. Public health
campaigns that leverage social media and online communities
could encourage greater awareness and engagement with
preventive health behaviors [99]. Engaging individuals in these
groups may also help to reduce the stigma or fear surrounding
genetic testing, ultimately facilitating behavior change.

Limitations and Future Research
Despite its contributions, this study is not without limitations.
First, the research relied on secondary data, which constrained
the analysis to available variables. The use of secondary data
limits the flexibility to explore unmeasured constructs that may
further elucidate the decision-making process surrounding
genetic testing. Furthermore, we used the HINTS data that were
collected in 2020, and hence, it may not fully capture the most
recent trends and developments. Future research could consider
incorporating primary data collection methods to include more
contemporary variables and insights reflective of the current
landscape.

Though our study examines the role of caregiving and
participation in online support groups in influencing the genetic
testing decision, it is important to acknowledge certain
limitations that may reduce the potential positive impact of these
factors. For instance, barriers such as limited digital literacy,
unequal access to the Internet, and socioeconomic disparities
can hinder individuals from fully benefiting from online health
resources and support networks. These barriers may be
particularly pronounced in underserved or marginalized
populations, where individuals may lack the necessary tools or
knowledge to engage in digital health activities effectively.
Future research could address these limitations by exploring
how cultural contexts, including beliefs, norms, and values,
shape the genetic testing decision. Examining how different
communities perceive genetic testing and their access to digital
resources can provide more nuanced insights into reducing
disparities and improving health outcomes across diverse
populations.

Conclusions
This study explores the factors influencing the decisions to
undergo cancer genetic testing in the US population. Our
findings emphasize the significant roles of perceived benefits,
cues to action, caregiving for patients with cancer, and
participation in social health groups in motivating genetic
testing. Additionally, gender moderates the relationship between
genetic testing and both perceived susceptibility and severity
of cancer risk. Given the hereditary nature of cancer, increasing
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awareness of genetic testing benefits is essential for promoting
preventive health behaviors.

The study contributes to both theory and practice. Theoretically,
it extends the HBM by incorporating cancer-specific constructs
and highlighting the role of information systems in health
decision-making. Practically, it offers actionable insights on

how tailored education and social support can foster proactive
health behaviors, particularly among caregivers and social health
communities. Targeted campaigns, especially within online
support groups or aimed at men, can further promote early
detection. Future research can explore these strategies to increase
the adoption of genetic testing for cancer.
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Abstract

Background: Skin cancers, including melanoma and keratinocyte cancers, are among the most common cancers worldwide,
and their incidence is rising in most populations. Earlier detection of skin cancer leads to better outcomes for patients. Artificial
intelligence (AI) technologies have been applied to skin cancer diagnosis, but many technologies lack clinical evidence and/or
the appropriate regulatory approvals. There are few qualitative studies examining the views of relevant stakeholders or evidence
about the implementation and positioning of AI technologies in the skin cancer diagnostic pathway.

Objective: This study aimed to understand the views of several stakeholder groups on the use of AI technologies to facilitate
the early diagnosis of skin cancer, including patients, members of the public, general practitioners, primary care nurse practitioners,
dermatologists, and AI researchers.

Methods: This was a qualitative, semistructured interview study with 29 stakeholders. Participants were purposively sampled
based on age, sex, and geographical location. We conducted the interviews via Zoom between September 2022 and May 2023.
Transcribed recordings were analyzed using thematic framework analysis. The framework for the Nonadoption, Abandonment,
and Challenges to Scale-Up, Spread, and Sustainability was used to guide the analysis to help understand the complexity of
implementing diagnostic technologies in clinical settings.

Results: Major themes were “the position of AI in the skin cancer diagnostic pathway” and “the aim of the AI technology”;
cross-cutting themes included trust, usability and acceptability, generalizability, evaluation and regulation, implementation, and
long-term use. There was no clear consensus on where AI should be placed along the skin cancer diagnostic pathway, but most
participants saw the technology in the hands of either patients or primary care practitioners. Participants were concerned about
the quality of the data used to develop and test AI technologies and the impact this could have on their accuracy in clinical use
with patients from a range of demographics and the risk of missing skin cancers. Ease of use and not increasing the workload of
already strained health care services were important considerations for participants. Health care professionals and AI researchers
reported a lack of established methods of evaluating and regulating AI technologies.

Conclusions: This study is one of the first to examine the views of a wide range of stakeholders on the use of AI technologies
to facilitate early diagnosis of skin cancer. The optimal approach and position in the diagnostic pathway for these technologies

JMIR Cancer 2025 | vol. 11 | e60653 | p.897https://cancer.jmir.org/2025/1/e60653
(page number not for citation purposes)

Jones et alJMIR CANCER

XSL•FO
RenderX

mailto:otj24@medschl.cam.ac.uk
http://www.w3.org/Style/XSL
http://www.renderx.com/


have not yet been determined. AI technologies need to be developed and implemented carefully and thoughtfully, with attention
paid to the quality and representativeness of the data used for development, to achieve their potential.

(JMIR Cancer 2025;11:e60653)   doi:10.2196/60653
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Introduction

Background
Skin cancers are among the most common cancers worldwide,
with increasing incidence in most populations [1,2]. Melanoma
is the most lethal skin cancer, but keratinocyte cancers (KCs),
which include squamous cell carcinomas and basal cell
carcinomas, comprise most skin cancers [1-3]. There were
>200,000 skin cancer diagnoses in England in 2021, comprising
193,000 nonmelanoma skin cancers (which include KCs) and
nearly 16,000 melanomas [4]. The World Health Organization
estimates that 2 to 3 million nonmelanoma skin cancers and
132,000 melanomas occur globally each year [5]. Earlier
diagnosis of skin cancers is associated with statistically
significantly better outcomes [3]. In the United States, early
detection of melanoma is associated with >99% five-year
survival but falls to 74% when it has spread to lymph nodes and
35% when spread to distant organs [6].

There has been a substantial interest in applying artificial
intelligence (AI) to the diagnosis of skin cancer through visual
analysis of skin lesions, either through a smartphone app or
uploading images of skin lesions. Many AI technologies have
been designed for use by patients and a handful for use by

clinicians as clinical decision aids [7,8]. Most of these
technologies do not have the appropriate regulatory approvals
in place to support their safety and efficacy when used in these
settings [9], with limited evidence on their efficacy and accuracy
from clinical trials or real-life clinical settings [7,8], although
some evidence is emerging [10,11]. There is limited evidence
on how users in clinical settings interact with AI technologies
and how this might affect patient safety [12], and a lack of
qualitative studies reporting public perspectives [13].

Implementation of a diagnostic technology in clinical settings
is a complex process and prone to failure—a technology must
pass through several stages of development before
implementation is likely to be successful [14]. Several
frameworks analyze factors around the implementation of new
technologies. In this study we chose to use the Nonadoption,
Abandonment, and Challenges to Scale-Up, Spread, and
Sustainability (NASSS) framework [15] to help understand and
interpret the data. This framework incorporates complexity
principles and allows researchers to identify and explain the
manifestations of complexity in technology-supported change
projects (Figure 1) [15]. We believe that these attributes made
it best suited to this study compared with other conceptual
frameworks for implementation research.
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Figure 1. The Nonadoption, Abandonment, and Challenges to Scale-Up, Spread, and Sustainability (NASSS) framework [15].

Objectives
The aim of this study was to consult several stakeholder groups
(ie, groups that may have views or concerns about the use of
AI to help diagnose skin cancer in primary care) to provide
in-depth understanding of barriers and facilitators to the
implementation of AI technologies for the early diagnosis of
skin cancers in primary care settings. Depending on how AI is
implemented in the skin cancer diagnostic pathway, users of
the technology could include members of the public, patients,
general practitioners (GPs), primary care nurse practitioners
(NPs), and dermatologists. Dermatologists also receive most
referrals from primary care for suspected skin cancers. AI
researchers working in both academic and commercial settings
are the primary developers of AI technologies. The views of all
these groups were important to understand.

Methods

Design
This was a qualitative study that was performed using
semistructured interviews of stakeholders.

Recruitment and Sampling
Four groups were selected for the study: (1) members of the
public, (2) patients previously diagnosed with skin cancer, (3)
health care professionals (HCPs; including GPs, primary care
NPs, and dermatologists), and (4) AI researchers from academic
and commercial settings. Members of the public were
approached via the Cambridge Biomedical Research Centre
Patient and Public Involvement (PPI) group and “snowballing”
invitations to their colleagues. Members of the public with a
history of skin cancer were included in the patient group, with
additional patients approached via Melanoma Focus (a UK
melanoma charity that provides information, guidance, and
support for patients, carers, and HCPs) [16]. GPs and primary
care NPs were identified through the Primary Care Dermatology
Society [17], with additional GPs approached via Sermo
(medical market-research organization) [18]. Dermatologists
were identified from the British Association of Dermatologists
(BAD) [19] and through snowballing. AI researchers from
academic settings were identified through contacts within
academic institutions, and AI researchers from commercial
settings were recruited via email from companies identified in
2 reviews [7,8]. In this paper, we use primary care practitioner
(PCP) to denote any medical practitioner that works in a primary
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care setting and might consult with a patient about a suspicious
skin lesion, including GPs, family doctors, NPs, physician
assistants, and paramedic practitioners. HCP is used when we
refer to the views of wider HCPs, including secondary care
HCPs. Staff who work in primary and community care and do
not have clinical training and experience in the diagnosis of
skin cancer but could potentially use an AI technology with
patients with suspicious skin lesions are referred to as allied
HCPs; a wide variety of professions could be included in this
group, but it certainly includes practice nurses, health care
assistants, clinical navigators, pharmacists, and podiatrists.

Participants were sampled to achieve a spread of age, sex, and
geographical location within each participant group. Patients
and the public were recruited to achieve a spread of ages >60
years and <60 years, reflecting the average age of skin cancer
diagnosis. HCPs and AI researchers were recruited to achieve
a spread of ages >45 years and <45 years, reflecting the
midcareer point of these professions. Patients were sampled to
include a range of prior history of skin cancer types. GPs were
sampled to include a spread of roles (GP partner, salaried GP,
locum GP, GP with extended role in dermatology). Participants
were asked how supportive they were of using AI technologies
to help diagnose skin cancer in primary care (using a Likert
scale of strongly disapprove, disapprove, neutral, approve, and
strongly approve). We aimed to recruit at least 1 participant in
each group who disapproved and at least 1 who approved of the
use of AI in this setting to obtain a range of perspectives.

Ethical Considerations
Ethics approval for this study was granted by the Cambridge
Psychology Research Ethics Committee (PRE.2021.098).
Participants gave informed written and verbal consent to take
part in the interviews. Patient and public participants were
invited to bring a friend or family member with them to take
part in the study if they wished. All interviews were digitally
recorded and transcribed verbatim by a professional transcription
company. Transcripts were checked and anonymized before
analysis. To facilitate recruitment, a £20 (US $25.24) Apple
iTunes or Google Play voucher was offered to all participants.

Data Collection
An interview topic guide was developed with input from our
PPI group to explore views on facilitators and barriers to the
use of AI technologies to help diagnose skin cancer in primary
care. All interviews were conducted by OTJ, who has a clinical

background, with guidance from NC, a health services
researcher with expertise in qualitative research. Interviews
took place on the web using Zoom (Zoom Video
Communications) at a time of the participants choosing between
September 9, 2022, and May 25, 2023. Interview schedules for
patients and members of the public and HCPs and AI researchers
are available in Multimedia Appendix 2. Details on the
interviews are reported in the COREQ (Consolidated Criteria
for Reporting Qualitative Research; Multimedia Appendix 3)
checklist. Interviews continued until we had a rich, multifaceted
dataset. A reflexivity journal with field notes was kept and was
discussed at regular meetings during the study.

Analysis
Interviews were analyzed inductively and deductively using
thematic framework analysis [20]. Two researchers (OTJ and
NC) repeatedly read the first 5 transcripts to become familiar
with the data and generate initial codes. These initial codes were
compared with the NASSS framework (Figure 1) [15] to
generate a comprehensive list of codes. The remaining
transcripts were then read and indexed using NVivo (version
14; Lumivero) [21], with codes modified or created as required
where the data did not fit comfortably into the NASSS
framework. Coding was completed by OTJ with a sample of
transcripts (7/29, 24%) checked by NC. Codes were defined
and discussed regularly in team meetings (OTJ, NC, and FMW),
and coding files were saved throughout the process to maintain
an audit trail of changes to the code tree. Data were charted into
Microsoft Excel [22], and the characteristics, similarities, and
differences between data were identified. Relationships and
connections between categories were then mapped to generate
the themes presented in the results. Themes were further refined
with guidance from senior team members (FMW and SS [health
psychologist]). Together this broad authorship group of clinical
academics and behavioral scientists added rigor to data analysis
and interpretation.

Results

Participants
A total of 29 interviews were conducted with members of the
public (n=6, 21%), patients (n=5, 17%), HCPs (n=13, 45%),
and AI researchers (n=5, 17%; Table 1). Participants were
recruited via mailing lists and social media; therefore, the
denominator is unknown.
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Table 1. Participant demographics.

AId researchers
(n=5), n (%)

HCPsc (n=13),
n (%)

Patientsb (n=5), n
(%)

Publica (n=6), n
(%)

Overall (n=29), n
(%)

Sex

4 (80)4 (31)1 (20)1 (17)10 (34)Male

1 (20)9 (69)4 (80)5 (83)19 (66)Female

Age groupe (y)

N/AN/A2 (40)2 (33)N/Af>60

N/AN/A3 (60)4 (67)N/A<60

1 (20)7 (54)N/AN/AN/A>45

4 (80)6 (46)N/AN/AN/A<45

Location

2 (40)11 (85)5 (100)5 (83)23 (79)England

01 (8)01 (17)2 (7)Wales

01 (8)001 (3)Scotland

3 (60)0003 (10)Outside United Kingdomg

Support for using AI to facilitate the early diagnosis of skin cancers in primary care

2 (40)5 (38)1 (20)2 (33)10 (34)Strongly approve

3 (60)6 (46)3 (60)3 (50)15 (52)Approve

01 (8)1 (20)02 (7)Neutral

0001 (17)1 (3)Disapprove

01 (8)001 (3)Missing data

Highest educational qualificationh

00000 (0)Foundation or intermediate qualifications

001 (20)01 (3)Advanced qualifications

5 (100)13 (100)4 (80)6 (100)28 (97)Higher qualifications

Ethnicity

0001 (17)1 (3)Black African

1 (20)0001 (3)Middle Eastern

1 (20)1 (7)1 (20)03 (10)Missing data

010 (77)3 (60)5 (83)18 (62)White British

3 (60)2 (15)1 (20)06 (21)White European

History of skin cancer

N/AN/A5i (100)0N/AYes

N/AN/A06 (100)N/ANo

N/AN/A5 (100)2 (33)N/ASkin cancer in a family member or close
friend

aOccupations: project manager, lawyer, pharmaceutical industry, music industry, biomedical scientist, or missing data (n=1 for each).
bOccupations: fraud services, social researcher, teacher, accountant, and research consultant (n=1 for each).
cHCP: Health care professional. HCPs included general practitioners (GPs, n=6), primary care nurse practitioners (n=3), and dermatologists (n=4).
dAI: artificial intelligence.
ePatients and the public were recruited to achieve a spread of participants aged >60 and <60 years. HCPs and AI researchers were recruited to achieve
a spread of ages >45 and <45 years.
fN/A: not applicable.
gIncluding the Netherlands and North America.
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hEducational qualification categories were taken from the UK National Census 2021. Definitions are available on the internet [23].
iBasal cell carcinoma (n=3), melanoma (n=1), and Merkel cell carcinoma (n=1).

The Results section is structured around the major themes and
subthemes generated from the data. Major themes included the
“position of AI in the skin cancer diagnostic pathway” and the
“aim of the AI technology.” There were several cross-cutting

themes, including trust, acceptability, generalizability,
evaluation, regulation, implementation, and long-term use
(Figure 2). Participant quotations are identified by participant
group, sex, and age.

Figure 2. Issues around the design and intended positioning of artificial intelligence (AI) technologies for the diagnosis of skin cancer that were
identified from the data, and further cross-cutting themes identified. *Allied health care professionals that could use the technology include pharmacists,
health care assistants, practice nurses, podiatrists, hairdressers, and potentially many more. UK NHS: UK National Health Service.

Position of AI in the Skin Cancer Diagnostic Pathway

AI Before the PCP
Patients and members of the public felt that giving patients
access to AI technology would be more accurate than “random
googling” and could help them to decide when to see a
physician. However, they expressed concerns about using the
AI technology without clinical input. The loss of the human
touch in consultations worried them, including how the diagnosis
would be communicated and whether patients would be able to
get a PCP follow-up appointment to discuss the diagnosis and
ask questions. Another concern was whether all patients would
be able to effectively use the technology and the potential for
it to exclude some groups of patients, including older people.
Patients and the public discussed the risk of overuse of the
technology by patients; they felt that implementing it in a
practice nurse and allied HCP-led clinic would reduce the risk
of overuse while also making it easier for patients to access skin
lesion assessments.

All HCPs could envision AI technology being used by patients
and thought there would be a high demand for this service.
Some dermatologists felt this could be a useful approach,
particularly for patients at high risk of skin cancer between
dermatology clinic appointments; however, they were concerned
about the potential for overuse and subsequent workload due

to false positives that would inevitably occur. They thought
patients might struggle to understand the risks, benefits, and
the output of the AI technology and would find it difficult to
take high-quality images needed for the AI to analyze. Some
HCPs commented on the potential psychological benefits of AI
technology, in particular reducing patient anxiety if the
technology reduced the number of urgent suspected cancer
referrals, although some HCPs felt that it could increase patient
anxiety through increasing access to skin lesion checks.
Dermatologists and NPs commented on how accurate AI
technology could enable a wide variety of allied HCPs to use
the technology to triage patients presenting with suspicious skin
lesions, which may improve access and enable earlier detection
of skin cancer. GPs reported both positive and negative views
on the potential of positioning AI technologies in the role of
triaging patient-submitted photographs before an appointment
with a PCP.

AI researchers from academic backgrounds were broadly
skeptical of patients having access to AI technology themselves,
highlighting concerns about the diagnostic accuracy of the
technology, the risk of false reassurance, and that patients would
not necessarily understand the context of when it was safe to
use. However, AI researchers from commercial backgrounds
felt that, if the AI technology was accurate enough, positioning
AI technologies with patients had the greatest potential for
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impact. They highlighted various potential positive effects,
including reducing the barriers to getting a skin lesion assessed,
helping patients make better decisions about when they needed
to see an HCP, and educating patients about skin cancer.

AI With the PCP
Patients commented that GP surgeries are accessible for most
patients and so are an ideal place to locate the technology. They
felt that if they were consulting about a potentially serious skin
cancer (ie, melanoma), they would like to be able to speak to a
PCP. Combining the clinical judgment of the PCP with the AI
technology was generally viewed as being more powerful than
the PCP alone and could be more beneficial for PCPs with less
experience in skin cancer and reduce the variability in skin
cancer triage in primary care. The public discussed whether
PCPs would become reliant on the AI technology and lose their
clinical judgment and even whether this was an issue if the AI
diagnostic accuracy were better than the PCP’s.

GPs largely wanted PCPs to have access to the AI technology
and were concerned that the implementation of AI technology
at other points in the diagnostic pathway could undermine their
gatekeeping role. They believed that PCPs are well positioned
to triage and monitor skin lesions over time and provide
continuity of care and that it would be more efficient for the
technology to be used to triage a lesion in a single consultation
instead of needing a separate appointment to capture the image.
NPs agreed that AI technology would be best placed with a
PCP. One GP emphasized that the positioning of the technology
in the diagnostic pathway is probably the most important factor
in how impactful it will be.

Dermatologists expressed the opinion that something was needed
to improve the accuracy of referrals to secondary care but were
not sure implementing AI technology in primary care was the
best approach. A broad educational program for PCPs was

suggested as a better alternative. Whether AI technology is
currently accurate enough to be used by PCPs was a concern,
as well as the risk of deskilling PCPs in skin lesion recognition.
Dermatologists did see benefits in situating AI technology with
PCPs to help with rarer skin cancer recognition, to break bad
news, and answer patient questions, and to give PCPs more
confidence in diagnosing a lesion as benign and not referring
on to secondary care.

Most AI researchers expressed strongly that a
“human-in-the-loop” approach (ie, where a human clinician is
always involved in decision-making alongside the AI) is needed.
Potential benefits of this approach included increased safety,
allowing for patient interactions, allowing the PCP to focus
more on the patient, and increasing knowledge of PCPs. AI
researchers also discussed that the decision to biopsy or refer a
skin lesion involves many biopsychosocial and clinical factors
outside of the appearance of the lesion, which cannot be
measured or considered by the AI and thus needs input from a
PCP.

AI After the PCP
Use of AI technology to triage referrals from primary care to
secondary care in a teledermatology setting was only mentioned
by 1 GP and 2 dermatologists. The dermatologists suggested
AI technology could help triage obviously benign skin lesions,
preventing them from being referred to a dermatology clinic.

Few participants commented on positioning an AI technology
with dermatologists. Dermatologists believed that it could be a
useful training tool, and in the future, if it were proven to be
more accurate than dermatologists, then it could be implemented
in dermatology clinics. One AI researcher agreed and discussed
how AI technology could help improve dermatologists’
consistency in diagnosis (Textbox 1).
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Textbox 1. Positioning of artificial intelligence (AI) in the skin cancer diagnostic pathway.

AI before the primary care clinician

• So I think people first self-diagnose via Google a lot anyway so having something that’s a little bit more accurate than self-diagnosis is probably
helpful. [Patient 4; female, aged <60 years]

• I don’t think it would be effective giving it directly to patients, least of all because they won’t have the training and the right level of professional
knowledge in being able to interact with digital innovations effectively. [Patient 1; male, aged <60 years]

• I would be a little bit concerned about it just being open-ended, because...the potential for over-use by some people and under-use by others
would be quite large, I think. So, I think...a nurse-led clinic or something like that might be better. Or give people the option. [Member of the
public 3; female, aged >60 years]

• I know from doing online and video consultations during COVID, what was quite evident is that patients have got varying skills in terms of how
they use their mobile devices to show you their skin remotely and taking images, and the quality of those images. So I think you’d have to think
very carefully about who is taking the image, what they understand about what the clarity of that image needs to be, and what devices they’re
being used on. Because that’s going to affect your interpretation. So I would be hesitant to say as a matter of routine for it to be patient led. [NP1
(nurse practitioner 1); female, aged >45 years]

• And seeing this opportunity, for example, hairdressers, podiatrist, pharmacist, they get asked a lot about these things, about lesions. And from
time to time you get referrals because they went to the hairdresser and they spotted a mole... it would be a good thing to implement in these areas,
expand beyond the GPs. [Dermatologist 3; female, aged <45 years]

• I would really like to then streamline the process. So we have an ability within our practice that the patient doesn’t need an appointment for
asking about a mole of concern and they can send a photo. That photo would be reviewed by a clinician. It would be absolutely fantastic if that
photo was also able to be reviewed by an AI process and advise whether there were concerning features on it or not. It would be useful if that
photo could then be reviewed again six weeks later against a new photo to assess for changes. [GP5 (general practitioner 5); male, aged <45
years]

• Yeah, it (using the app) has especially low barrier to use it so it’s way lower than going to a doctor or going to a dermatologist. It is really a first
step into being more interested or more concerned about skin cancer. And I think it can help to raise awareness (of skin cancer) and inform people
better. [AIR4 (AI researcher 4); male, aged >45 years]

AI with the primary care clinician

• I don’t want to think that a doctor would see results on an app and still not think about it at all...But I think with time they might lose their skills.
[Member of the public 6; female, aged <60 years]

• I’d love it in my hands. Anything that saves primary care queuing people up in dermatology...I think skin is difficult. And so my feeling is that
human error will always exist and I guess if you’ve got something to support you in making the correct diagnosis in serious skin lesions, then it
seems to me like a win-win and a sensible option. [GP2; male, aged >45 years]

• Most patients with a lesion will go straight to their GP. So I think definitely that’s where it’s going to be best placed and whether that’s a specialist
nurse within a GP setting or a GP, certainly within that primary care set up I think is most relevant. [NP1 (nurse practitioner 1); female, aged
>45 years]

• I think selfishly, I’d be disappointed if I was told you don’t need your dermatoscope anymore, because it’s an area I’m really interested in and
I’m really enjoying...because if it’s automated and, therefore, you lose the skill set and you lose motivation around the topic. [NP3; male, aged
<45 years]

• I would be worried about de-skilling our GPs by giving them a tool that tells them what to do. [Dermatologist 3; female, aged <45 years]

• The great thing would be if they were able to pick up those skin cancers that they haven’t thought about, for example, amelanotic melanomas,
or nodular melanomas, that they don’t follow the typical a, b, c, d criteria. [Dermatologist 3; female, aged <45 years]

• If AI had a really, really good dataset of benign lesions, that would give a GP confidence to say ‘no, that’s benign, that doesn’t need to be referred
in’ [Dermatologist 4; female, aged >45 years]

• They (dermatologists) are very experienced and they don’t need a tool. But some of those tools might be needed for the people who refer patients,
not to make any mistake at that stage for the early detection...So I can think of those two aspects, like speed and a better decision for the practitioner.
I see really big opportunities in those kinds of things. [AIR2; male, aged <45 years]

AI after the primary care clinician

• So,...either a patient-generated image, but preferably taken in primary care on a high-quality camera and sent securely to dermatology for triage,
then the AI helping with that triage process. [GP3; male, aged <45 years]

• In secondary care it would be really helpful, I think particularly for juniors starting out, to have a list of the differential, including the rarer things
that could possibly be consistent with the appearances that the algorithm has identified. But giving you ranking of likelihood. [Dermatologist 2;
female, aged >45 years]
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Aim of the Technology

Education, Screening, or Diagnosis
Participants mainly discussed AI technology as a diagnostic
tool; however, participants from all groups raised alternative
uses. Patients discussed skin self-monitoring, including
sequential monitoring of skin lesions over time, and patient
education about the “red flags” of skin cancer. All groups
discussed the potential to raise awareness and educate patients
about skin cancer, including skin cancer prevention and how to
perform skin self-monitoring.

GPs and NPs discussed the potential for AI technologies to
educate PCPs and improve diagnostic skills. They suggested
that a potent educational attribute would be if the AI technology
could highlight visual features of skin cancer in images of skin
lesions; AI researchers commented that these types of features
have been developed. Dermatologists discussed the potential
use of a patient-facing AI technology as a screening tool for
high-risk populations.

Focus on Benign or Malignant Diagnoses
Patients and members of the public stated that the primary aim
of the AI technology should be a very high accuracy to avoid
missing skin cancers and giving false reassurance; to achieve
this, the technology would need to have a high sensitivity. All
HCP groups commented that aiming to diagnose benign skin
lesions might be a safer approach with less risk of missing skin
cancers. They proposed that focusing on diagnosing specific
common benign skin lesions, such as seborrheic keratoses and
dermatofibromas might reduce unnecessary referrals to
secondary care.

Focus on Melanoma or All Skin Cancers
Patients were primarily concerned that any AI technology was
accurate for melanoma. Some members of the public had
experience of KCs in family or friends and felt AI technologies
should also address KCs. GPs were primarily concerned about
melanoma because it often affects younger patients and has
higher mortality—they felt that AI technologies could be applied
to other skin cancers in the longer term. Dermatologists and a
NP commented that diagnosing all types of skin lesions,
including all skin cancers, was important, especially for
technologies that are designed to be used by patients or HCPs
with less experience in diagnosing skin cancer. However, some
dermatologists thought it could be difficult to train AI to
diagnose KCs accurately, because patient history often has
greater importance than for melanoma, and AI currently does
not always incorporate this.

Threshold Between Malignant and Benign and
Management of Borderline Lesions
All groups discussed the difficulty in setting a threshold between
benign and malignant lesions for the AI technology, in essence
how to translate the continuous risk score generated by the AI
into a binary clinical decision of whether to refer a patient or
biopsy a skin lesion. A 3-layer management strategy was
suggested by several participants with further assessment of
lesions that are close to the threshold, either through follow-up
assessment in primary or secondary care or through sequential
monitoring over time (similar to short-term sequential digital
dermoscopy imaging models that already exist [24]). NPs and
dermatologists reflected on how this issue demonstrates the
complexity of clinical practice and that clear guidelines will be
needed about what to do at each risk level (Textbox 2).
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Textbox 2. Aim of the artificial intelligence (AI) technology.

Education, screening, or diagnosis

• I guess you always take a picture at a point in time and...say you noticed it change in a couple of months could you go back and say, it’s changed
from this to this, and almost keeping a progression record...I think that would be a really helpful feature. [Patient 4; female, aged <60 years]

• Give people recommendations of you should not go out unless you’re wearing 50 SPF, we think you should not sunbathe between 12 and four,
just because it’s cloudy does not mean you’re not going to burn...put a kid in a sun hat so they don’t have sunstroke. [Member of the public 3;
female, aged >60 years]

• I say to them (patients) there are mole apps that you can monitor, and that maybe it’s not great in terms of getting a diagnosis, but they’re more
aware and they’re keeping attention more to a particular lesion. And definitely it helps to diagnose cancer in the early state than what we saw
years ago. [GP1 (general practitioner 1); female, aged <45 years]

• But the way I used AI was to try to train on some features in the image rather than giving me a diagnosis. For instance, to teach a deep learning
algorithm to tell me whether that the borders are regular or irregular, ’cause that’s something subjective sometimes between readers...So I used
AI to reveal the features rather than giving the full diagnosis. [AIR2 (AI researcher 2); male, aged <45 years]

• So if you could develop one that was validated it might be useful for selected patients, maybe not the entire population but particularly high risk
patients, maybe patients with lots of moles. [Dermatologist 2; female, aged >45 years]

Focus on benign or malignant diagnoses

• The first aim of the app needs to be to go and get it checked or not, or to go and get it biopsied or not. [Patient 4; female, aged <60 years]

• Just screening out the seborrheic keratosis, the pigmented dermatofibromas, the benign...if it could screen all of those out, which are the vast
majority of the two-week-wait referrals that we see, that would be incredibly important for providing a better, more targeted service...plus
potentially triaging things that are so unlikely to be a cancer that they don’t need to be referred. So it kind of works both ways, early detection
and reducing the massive numbers of 2-week-wait referrals that we get. [Dermatologist 2; female, aged >45 years]

Focus on melanoma or all skin cancers

• I think melanoma is the most important because I’d like to think that because your differential features for a squamous cell are quite obvious,
that would be referred on anyway. I think it’s melanoma and other pigmented lesion differentiation that’s really tricky. So my thought would be
more melanoma, and certainly that’s what I’ve used it for. [NP1 (nurse practitioner 1); female, aged >45 years]

• People just think it’s about diagnosing melanoma, where actually it’s not. It’s about recognising all skin lesions. You’ve got to diagnose benign
lesions, and you’ve to diagnose malignant lesions, and it’s not just melanomas, you’ve got BCCs, you’ve got SCCs, you’ve got AKs, and then
you’ve got all the benign lesions. [Dermatologist 1; female, aged >45 years]

Threshold between malignant and benign—and management of borderline lesions

• I guess one approach you could take with marginal cases, you could say that we suggest you get re-tested in six months’ time or something like
that. So, you have a three-layer band. One you definitely need action, one you definitely don’t, and then a middle level where you come back for
a test after a bit. [Member of the public 3; female, aged >60 years]

• What I suggest would be good...if you’re less than 70 per cent sure, it’s an arbitrary...whatever number sure, then there is clinician involvement.
So take a deeper dive into the history and that person then comes in and is looked at. [NP3; male, aged <45 years]

• So I think it would be really interesting, if when I looked at a lesion I gave the patient a percentage of how right I thought I was or even any
diagnosis. I mean, I’d love that, that would be really cool to have that honesty. ‘I think you’ve got a viral chest infection, I’m about 50-50, I’m
going to hold off on the antibiotics, but here’s some strict safety netting.’ Yeah, I don’t know whether I’d want to give the patient that information.
[NP3 male, aged <45 years]

• So it would come back with a comment like ‘this is 80% likely to be a melanoma, this is 20% likely to be a melanoma’ and there would have to
be some sort of understanding, some sort of cut off, what is the point at which a referral is merited...And I suppose that one of the dangers...where
do you cast the net in terms of risk? [Dermatologist 4; female, aged >45 years]

Cross-Cutting Themes

Trust
Patients and members of the public often raised the issue of
trust. The newness of the technology, the involvement of private
companies and concerns about data privacy, and the diagnostic
accuracy being <100% were all felt to be reasons for a lack of
trust. However, there were also participants who thought patients
would trust a consultation with a PCP more if it involved AI
technology, even if it had made no difference to the assessment.

GPs worried that patients could demand the AI technology be
used in consultations and were concerned about the risk of false
reassurance. NPs felt that patients fundamentally trust people
more than machines. Dermatologists stated that there is not
enough evidence that existing AI technologies are safe and
accurate enough to be used in clinical practice and that it is
difficult for patients to determine which patient-facing AI
technologies they can trust.

AI researchers discussed that the “black box” nature of AI
technologies should not be a barrier to trust, as we similarly do
not understand the mechanism of action of many medications.
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They felt that if clinicians recommended or adopted an AI
technology, then patients would be more likely to trust it.

Ease of Use and Acceptability
Ease of use was a major concern for patients and members of
the public; participants discussed that a technology that is easy
to use enables patients to take high-quality images that are better
suited for AI analysis and reduces the risk that patients will be
unable to use the technology or use it incorrectly. Several
members of the public raised the importance of enabling patients
to choose how to consult, rather than mandating a consultation
type that is inappropriate for them. GPs and NPs’ primary
concern was that it should be easy to integrate the AI technology
with their current computer and Wi-Fi systems. Dermatologists
and patients were concerned about whether the technology
would facilitate taking high-quality images for the AI to analyze.
AI researchers commented on how practical limitations of a
technology can prevent it being used, even if it is potentially
very beneficial; therefore, “real-world factors,” such as cost,
ease of use, and how well it fits into clinical workflows, need
to be considered.

Accuracy and Generalizability
Accuracy was raised frequently by all groups and is linked to
many of the subthemes. The primary concerns were the false
negative rate and the risk of false reassurance and whether the
diagnostic accuracy is generalizable to other clinical settings,
using different camera technologies, and with other populations
and demographics. AI researchers commented that currently AI
technologies are often developed on small datasets, which are
not representative of the general population and may contain
errors and biases and hence, do not generalize well to be
accurate in all sections of the population. Members of the public
and HCPs were concerned this might mean AI technologies
would be less accurate in melanin-rich skin or for rarer skin
cancers.

AI researchers discussed how this situation might be improved
with close collaboration between clinical and AI researchers
and a focus on data quality in a “data-centric” approach. An AI
researcher from a commercial background commented on the
challenges in collecting a representative dataset for AI
development and testing. There are fewer publicly available
images of skin lesions in melanin-rich skin, and their app had
significantly lower uptake among patients with melanin-rich
skin.

Evaluation and Regulation
Patients felt that AI technologies should be evaluated by a mix
of professionals before they can be adopted, including
independent confirmation of diagnostic accuracy. Patients were
concerned that AI technology would be adopted based on
novelty and hype or because it is cheaper than clinicians’ time
when it may not be in the best interests of patients and their
clinical care. HCPs felt that significant data from clinical trials
would be needed to evaluate AI technologies but recognized
that this might take time. AI researchers were concerned that
we currently lack good measures to evaluate AI algorithms for
use in clinical settings. They stated that the current practice of
using simple diagnostic accuracy measures (eg, sensitivity and

specificity) is not comprehensive enough to demonstrate the
accuracy, benefits, and risks of AI technologies. AI researchers
added that, while clinical studies, due diligence, and
understanding biases and flaws in an AI system are all important
aspects of evaluation, there are other factors, including business
sustainability, that need to be considered before a decision on
adoption can be made. Many groups commented on the need
for health-economic evaluation as part of any evaluation
program.

Patients and members of the public often disclosed that they
did not understand regulatory processes. Some felt it was
important that AI technologies had a Conformité Européene
marking and were evaluated by a national body. HCPs were
concerned about regulatory processes for AI technologies not
being as robust as for medicines and treatments. GPs raised
concerns about where the medicolegal responsibility for errors
related to the use of AI technologies would lie. Dermatologists
wanted the use case for AI technologies to be made clear and
for the regulator to assess the technology based on this but
acknowledged that regulating AI technologies is challenging.
An AI researcher commented that regulatory processes for AI
technologies are becoming more complex.

Implementation in the UK National Health Service
Members of the public and GPs discussed variation in National
Health Service infrastructure in different regions of the United
Kingdom, including wireless connectivity, and how this could
make implementation difficult.

Most participant groups commented on the capacity of the health
care system to implement a new technology where resources
are strained. Current pressures may mean that PCPs have
insufficient time to understand and implement a new technology.
Some HCP participants highlighted that an AI technology with
a low specificity might lead to a significant increase in referrals
and worsen workload pressures. Conversely, some NPs and
dermatologists commented that use of AI technology could help
to reduce the number of referrals to secondary care. AI
researchers hoped AI technologies could be used alongside
PCPs and dermatologists to ease workload pressures.

All groups commented on the importance of professional bodies
in the implementation of new technologies. Patients and HCPs
felt that implementation would be greatly helped if professional
bodies, such as the National Institute for Health and Care
Excellence, National Health Service England, Integrated Care
Boards, the BAD, or the Medicines and Health products
Regulatory Agency, had recommended or evaluated it. GPs and
NPs believed any decision to adopt and fund AI technology
would need to come from a higher body rather than individual
GP practices. AI researchers commented on the importance of
the views of professional bodies for the adoption of AI
technologies but also on the associated commercial challenges
as these bodies vary internationally.

NPs and dermatologists highlighted the need for adequate
training in how to use an AI technology as part of the
implementation process and clear guidelines on how the AI
technology should be used and interpreted.
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Long-Term Use
The unique potential for AI technologies to continue learning
after implementation and for diagnostic performance to improve
over time was raised by different participant groups. GPs and
patients assumed that this feature would be standard practice
and that regular updates would sequentially improve the AI
technologies performance as it learned from new data. Few
participants commented on how this process could be regulated
in practice.

A major concern of all groups was how to check that the AI
technology was performing accurately. AI researchers were
particularly worried about the potential for the performance of
the AI technology to deteriorate over time, referred to as “drift
in performance.” They commented that this could occur because
of a change in the way the AI technology is used, a change in

the population (for example, using the technology in a
population with lower skin cancer prevalence or different
demographics compared to the development and testing
datasets), a change in the hardware, or a change in the accuracy
of the technology over time. All groups suggested “sanity
checks” that could be used regularly to detect if an AI
technology was not performing accurately. These “sanity
checks” included expert systems monitoring image metrics over
time, comparing the prediction of the new AI technology to the
previous AI gold standard; a clinician reviewing all cases that
the AI diagnoses as “likely skin cancer” or where AI has low
confidence in the diagnosis; or limiting the use of AI
technologies with a “human-in-the-loop” approach. AI
researchers added that there needs to be an incentive for the
makers of the AI technology to maintain and provide ongoing
support long-term (Textbox 3).
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Textbox 3. Cross-cutting themes.

Trust

• The fact that it hasn’t been the norm within the health care setting, I think will make quite a lot of people feel uncomfortable. So the fact that it’s
just so up and coming and new will naturally spark a bit of anxiety in terms of people and they think about if it’s safe, if it’s got the same principles
and standards in place in terms of care, safety, confidentiality et cetera. [Patient 1; male, aged <60 years]

• I think there is also a section of the population who are very suspicious of data not being used correctly. So, you would need to have some sort
of reassurance about correct data use as well. [Member of the public 4; female, aged >60 years]

• I think people fundamentally put trust in people and we’re still wary about putting trust in machines, or computers, because we’ve been fed sci
fi for years that makes us worry, and also I do think that we still think we know best, even though the algorithms that will be in the computer
will be absolute gold standard, and they won’t be tired, hung over, jaded, they’ll be right every time. [NP3 (nurse practitioner 3); male, aged <45
years]

• I think the concern at the moment is that there isn’t enough evidence that any of these machines, or machine learning is up to speed to be able to
make diagnoses without missing any skin cancer, and that includes rare skin cancers, skin cancers with rare presentations, or in different ethnicities.
[Dermatologist 3; female, aged <45 years]

• Yeah. I’m just really unsure in how far, to be honest, machine learning can or will take over a medical setting, or should. The more I see and
read, the more I’m getting also suspicious. [AIR3 (AI researcher 3); female, aged <45 years]

• I would question the premise that being a black box is actually a terrible thing or even a novel thing, because clinicians are black boxes. As far
as I understand for most medicines we have no idea why they work, and we still use them because statistically it works. And as long as we
regularly check that our models work statistically then who cares whether that’s a chemical or a computational black box. Obviously, it’s nicer
if you can also present the clinician with some data that the clinician then can use to make further judgment calls. [AIR1; male, aged <45 years]

• As a field we’re only beginning to scratch the surface of what that means, to trust technology. If say my physician tells me, this is a good way
to understand more about your skin conditions, there’s some element where I trust he or she as a professional and the information relayed is
therefore accurate, and therefore that trust extends to the thing they had suggested. [AIR5; male, aged <45 years]

Ease of use and acceptability

• So, being accurate, being honest, easy to use, easy to understand. And easy for the GPs to use as well, the other health care professionals who’ve
got to get the information through that as well, easy for them. Because they’re going to have to look at whatever it’s come up with and try and
make some sense of that before they actually sit down in front of us. [Member of the public 1; female, aged >60 years]

• For me patient choice is so important—so both have a machine in the GP surgery for those who would prefer to do that and have an app for the
people who are quite comfortable using those. [Member of the public 1; female, aged >60 years]

• I suppose if it was a lengthy process. So if there was dodgy Wi-Fi or it’s hard to get your image or it’s taking time to upload...I suppose it’s just
the practicalities and the ease of the software and hardware that you’re using, those will be barriers, if it didn’t work. [NP1; female, aged >45
years]

• How easy is it to take the photograph? I think that’s really important. Because I get loads of referrals with photographs, but the photographs are
completely useless, they’re blurred and a complete waste of time. Somebody’s ticked the box and said, sent a photograph, but they might as well
not be there. [Dermatologist 1; female, aged >45 years]

• If you have a technology that’s extremely beneficial for a certain disease but it’s really expensive, it takes a really long time, and it’s hard to use
then no one will ever use it. So there’s real world factors there. [AIR5; male, aged <45 years]

Accuracy and generalizability

• I think the key issue is generalisability, because algorithms are developed on a very small set which have very specific properties and there is
biases. And then of course, they do not work on a wider range of other images from other scanners from other countries...this is a huge issue, the
generalisability. You have all these algorithms that achieve higher numbers in one setting but it doesn’t mean that they will work well on new
data they have not seen. [AIR3; female, aged <45 years]

• They need to make sure that there is a proper diversity of people in there. Because AI is only ever going to be as good as what you use to train
it. So I think they need to be particularly careful about diversity of skin color and capturing the wide variety that’s needed. [Member of the public
13; female, aged >60 years]

• For us it’s a kind of a chicken and egg problem. So, there’s not a lot of data for darker skin available, so training on that...and especially proving
the accuracy on dark skin it’s almost impossible...We don’t have the users, we don’t get the data, we don’t get the proof of how good we are on
darker skin—so that definitely is a loop that we need to break at some point. [AIR4; male, aged >45 years]

Evaluation and regulation

• I have come across many issues because algorithms have been evaluated with measures that are actually not measuring what you would want or
need in a clinical setting...So I actually think the most important thing right now would be to set up proper evaluation schemes and to think about
how deep learning models should be or can be properly evaluated...The real question is, how do we evaluate them to make sure they will work
in a medical clinical setting. [AIR3; female, aged <45 years]

•
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So this is definitely a concern, not to send too many users into healthcare. The first concern’s accuracy, we don’t want to miss too many skin
cancers, for sure, but the second concern is definitely also the health economic case. So, we can of course send a huge amount of people into
healthcare. We find more skin cancer, we reach our goals of finding more skin cancer, that’s fine. But we don’t solve a real problem, we make
it worse for the healthcare system as well. [AIR4; male, aged >45 years]

• I worry a little bit that if it’s something that is a manageable cost it might be overused. It’s a way to shift a number of patients who you might
otherwise see...They’re always on an efficiency drive, they’re always under pressure to save money...I don’t know whether, if the technology
was affordable for GP surgeries, they would just think, oh great...we’re short of doctors we can just process people through the hands-off
routine...you stop thinking about it in clinical terms and you start thinking about it in financial terms. [Patient 2; female, aged <60 years]

• I think that’s really important that it has CE marking; because I see a lot of apps and crap in the digital space that a lot of people are buying and
spending money on and they’re not evidence-based medicine. [Member of the public 2; female, aged <60 years]

• I know it (regulation) is fairly patchwork. Obviously, when it comes to medication and prescribing, there’s fairly robust regulatory systems...
When it comes to certain equipment, some patient devices it’s a bit piecemeal. But I would be fairly reassured if the MHRA covered this equipment.
[GP3; male, aged <45 years]

• I’ve been indoctrinated by the British Association of Dermatologists. And what they explained. They gave a position statement, I think it was a
year or two ago, and we were’ve told these are medical devices and therefore they need to go through these medical regulatory agencies. I think
before Brexit it obviously would have been Europe as well and now I think it’s MHRA should be responsible for this. Which makes sense because
obviously it’s a very important thing for patients and for doctors, medicolegally as well. So it needs to work for its purpose, for what they say
it’s going to be doing. [Dermatologist 3; female, aged <45 years]

• And also where does it stand legally? If you come to me and you show me a mole and I do my AI thing and I say to you computer says no, and
off you go and you keep doing the things that you do, and then two years later you come back to me with a large black blobule, sentinal lymph
node biopsy positive...is that my fault? Is that the AI’s fault? And if it’s the AI’s fault, who are you suing? [GP6; female, aged >45 years]

Implementation in the UK National Health Service (NHS)

• I think when you’re an external looking in at the NHS it’s just a monster beast to try and understand different parts of it...Overall I think integration
of digitals is great, but it’s not uniform, and also there are massive connectivity issues still in some areas...Some parts of the country are doing
amazing things, and other parts are so backward. [Member of the public 2; female, aged <60 years]

• I’m just very much aware that the basics of general practice is under so much pressure that adding a new technology and complication is not
everybody’s first priority...I appreciate a lot of these new technologies can save time and resources in the long term, but certainly, if I’m thinking
now of the start of a difficult winter, it’s going to be a tough sell right now. [GP3; male, aged <45 years]

• One of the things I came across is that there was a shortage of dermatologists in general. This means that the practitioner is expected to see a lot
of patients in the same day...the practitioner is a human, maybe some stress, or he had a bad day, he might not spot some feature in that image.
So those (AI) tools can be something that fixes this gap if in that day he had a bad day and didn’t notice some features. [AIR2; male, aged <45
years]

• So it’s going to cost something to have this kind of level of equipment, but there’s not an infinite amount of money in GP land, if they’re spending
on that then it’s coming out of somewhere else, which might mean we won’t have the money or equipment for something that may benefit patients.
[NP2; female, aged <45 years]

• It’s got to come with the support and the training along with it, it’s not just about getting a new piece of kit...I think the important thing is that
that cost incorporates training and a clear understanding of the device and what it’s used for, and why, and how to use it. It’s silly to give a piece
of kit and then not have the support to know how to use it best. [NP1; female, aged >45 years]

Long-term use

• In some ways the accuracy would build as the technology was used. So the longer it’s been in play the more you can depend on it probably...I
assume that you don’t just test the heck out of it and say it’s fine now and then stop refining it. [Patient 2; female, aged <60 years]

• Let’s say the model was trained in a way it works really well when you are taking dermatoscope photos, and it gives you a really good sense of
the malignancy potential there and the studies support this. Then a patient sends you a photo...and this photo was taken using a smart phone with
different kinds of lighting conditions, in a setting where it was actually never designed for use but that fact is not obvious to anyone who hasn’t
been thinking about this for a really long time. So with the best of intentions, I think you could still have a situation where the performance starts
drifting away from how it was designed for use. [AIR5; male, aged <45 years]

• Maybe scanners will change...It is not clear that if an algorithm works well on the scanner of the last generation, even from the same company,
(if) you get a new one that it would work on that as well...They (scanners) will not stay the same, but then we really should think about how do
we integrate new modalities into the machine learning models, because it’s not sustainable to develop something on a fixed dataset. [AIR3;
female, aged <45 years]

• It should be tested before it gets to the GP surgery, and then it should be checked...at regular intervals, to make sure it’s still working correctly.
Because if you start falsely diagnosing people, that could be a complete waste of time. [Patient 3; female, aged >60 years]

• If we look at a top-level view across all AI it’s really hard to summarise in a single sentence whether this will help or hurt. But if developed well,
if used well I still do believe there’s lots of great potential here. [AIR5; male, aged <45 years]
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Discussion

Principal Findings
In this study, many of the discussions centered on 2 simple
questions: who is going to use the AI technology, and what is
it going to do? Most participants commented on positioning AI
technology with patients or allied HCPs (before the PCP) or
with the PCP as a decision support tool. Few participants
proposed positioning the technology to triage referrals to
secondary care or as a decision aid for dermatologists.
Participants highlighted several overarching topics as important
to them, including trust, acceptability, generalizability,
evaluation, regulation, implementation, and long-term use.

The risk of false negatives resulting from an AI technology with
poor sensitivity and missing skin cancers was a major concern
for all participant groups. Missed skin cancers, especially
melanoma, are likely to lead to late diagnosis and worse
outcomes for patients [3,6]. One potential benefit of AI
technology mentioned by all groups was the reduction in the
workload of health care services, primarily through effective
triage of patients that need to see PCPs or specialist clinicians.
This could be the case if the AI technology has a good
specificity with few false positive results. False positives are
inevitable, but an AI technology with a low specificity could
significantly increase the workload of health care services. This
was a concern raised by HCPs, but few other participant groups
commented on this risk. It has been suggested that overdiagnosis
of melanoma is rising due to increased rates of skin examination,
decreased thresholds for biopsying skin lesions, and for labeling
morphological changes on histopathological examination as
malignant [25]. Implementation of an AI technology with low
specificity could increase both rates of skin examination and
biopsy rates, both potentially contributing to overdiagnosis.

AI researchers were the most pragmatic, expressing concerns
about the generalizability of many AI technologies and the
relevance of current testing approaches in preparation for clinical
implementation. They were concerned about the robustness of
the datasets underlying AI technologies, including the
representativeness of skin cancer prevalence and patient
demographics in the datasets. They felt that, at the current time,
these technologies need to be implemented with a human in the
loop. Many HCPs were aware of the lack of evidence and
potential risk to patients that has been publicly commented on
by the BAD [9]. Patients and the public were aware of potential
improvements in patient access, diagnostic accuracy, and
reduced workload AI technologies could offer but were
concerned about the risk of missing cancers and losing the
opportunity for human interaction and to ask questions.

Complexity underpins most of the generated themes.
Developing, evaluating, implementing, regulating, and
maintaining AI technology in health care settings are all
multifaceted, complex processes containing many opportunities
for error, as laid out in the CanTest framework [14]. Therefore,
it is unsurprising that so many diagnostic technologies fail at
the implementation stage [26]. Several studies have discussed
the complexity of implementing digital, AI, and machine
learning (ML) interventions into health care settings; they

recommended a whole-of-system approach with particular focus
on how users interact with devices and user training [12,27].

Comparison With Existing Literature
The NASSS framework [15] was chosen to guide this study
because it includes a wide range of domains that help capture
the complexity of implementing health care interventions [28].
Most of the cross-cutting themes link closely to NASSS
domains, specifically “knowledge to use the technology,”
“demand-side value (to patient),” “adopters,” and
“organizations.” There were several themes raised that did not
fit into the NASSS framework (such as the potential for
continued learning with AI technologies), as well as themes
(such as trust and acceptability) that seemed to lose some of
their breadth and nuance by being contained within the NASSS
domains. We chose to code both inductively and deductively,
which allowed us to better capture participants’views and build
knowledge about applying the NASSS framework to novel AI
technologies.

A recent Swedish study used an AI-based melanoma decision
support aid for clinicians as an example technology to generate
discussions with participants about the implementation of
decision aids. In keeping with their findings, many participants
in our study discussed the issues of accuracy, safety, data
security, liability, ease of use, and integration [29]. Our findings
support those of a recent systematic review on the use of
ML-based risk prediction models in health care settings [13] in
which participants demonstrated largely positive views of AI
technologies but identified many barriers. Echoing findings
from several recent studies [30-33] we identified concerns about
diagnostic accuracy, risk of patient harm, ease and speed of use,
HCP overreliance on the technology, legal liability, data
protections, data quality, impersonality, and positioning in the
diagnostic pathway. In particular, we identified aspects of the
consultation participants felt that AI technologies could not
replicate, that is, the need for human interaction and clinical
experience and judgment. Participants commented on the risk
that AI technologies will not be effective in minority populations
who are inadequately represented in training and testing datasets
and may exclude populations with lower technological literacy,
such as older people.

The wide variety in positioning and approach of existing AI
technologies [7,8] indicates that the optimal position and
approach have yet to be determined. Several participant groups
highlighted that they wanted more evidence of the accuracy of
technologies in real-life clinical use. This fits with recent
reviews of AI technologies aimed at detecting skin cancer
[7,8,33], although increasing evidence from clinical trials is
emerging [10]. PCPs were keen to have an AI technology to
support their diagnostic decision-making, in keeping with
findings from a previous study [34]. AI researchers highlighted
a growing body of research in AI technology development for
health care settings, including the “human-in-the-loop” approach
and the “data-centric AI movement” [12,35,36].

Regulation was a topic raised by several participant groups. The
fast-moving pace of AI development makes regulation of AI
technologies challenging: underregulation risks patient safety
while overly zealous regulatory approaches could hinder AI
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development pipelines and implementation [37,38]. AI has the
unique potential to continue developing over time as it is
exposed to more data. Regulatory bodies around the world are
attempting to keep up with the rapid developments in AI
technologies. In the United States, the Food and Drug
Administration has proposed the 510k pathway, which facilitates
the approval of software as a medical device if it is substantially
based on a previously approved technology [39], and is
developing an approach to an AI-ML workflow that would
enable continued learning after implementation [40]. There are
emerging national and international regulatory policies,
including the European AI Act, the United States AI Bill of
Rights, and the United Kingdom policy on AI [41-43].

Strengths and Limitations
To the authors’ knowledge, this is the first study to report the
views of a broad range of stakeholders about the use of AI
technologies to facilitate the earlier diagnosis of skin cancer in
primary care settings. We had good variation among
interviewees in terms of background, age, sex, and geographical
location. The study benefited from PPI at every stage, and a
strong conceptual framework was used to develop the framing
of the interview schedule and data coding.

Aiming to recruit a wide range of stakeholders was a conscious
choice, as we felt this was important to achieve a breadth of
opinions; the trade-off was that time and resources meant we
were only able to include limited numbers in each participant
group. The aim was to achieve breadth of opinion without
necessarily achieving saturation. AI and clinical implementation
are complex subjects, which meant that we were more likely to
recruit participants with higher educational attainment and who
are engaged with health care research or AI; both these aspects
may have affected the balance of views we obtained. We only
recruited 1 participant who reported that they disapproved of
using AI technologies to help diagnose skin cancer. Skin cancer
is more common in melanin-poor skin; however, a key limitation
of current AI technologies is their lack of training and testing
in populations with melanin-rich skin. We recruited limited
numbers of participants with melanin-rich skin in this study, so
participant views on this issue may be incomplete. In contrast
to other participants, AI researchers were largely based outside
the United Kingdom, reflecting the location of the majority of
commercial companies developing these technologies. However,
it meant their knowledge of United Kingdom clinical practice
and diagnostic pathways was sometimes limited.

Implications for Clinical Practice, Research, Adoption,
and Policy
Health care services are working under extreme pressures in
primary and secondary care [44]. AI technologies aimed at

diagnosis or triage of skin lesions could facilitate early diagnosis
of skin cancer to improve outcomes for patients and potentially
ease some of these pressures. However, before this can happen,
research is required to prove their efficacy with real-world
clinical populations and to address the questions that remain
about the most effective positioning of the technologies in the
diagnostic pathway and the optimal approach for their use.
Diagnostic technologies that are used in populations that are
different from those they were developed and tested in are prone
to spectrum bias [45]. Better measures of clinical performance
are required to inform these studies, which consider not only
diagnostic accuracy but also provide a measure of
generalizability and dataset quality [46].

Some of our findings can be used to further develop the NASSS
framework, for example, to consider in more depth how users
interact with an AI technology and the potential for continued
development after implementation. When developing an AI
technology aimed at the diagnosis or triage of skin cancer,
developers need to consider carefully and be specific about the
intended use, including where it will fit into the diagnostic
pathway for skin cancer and the approach that it is going to take.
Developers must also consider the quality and representativeness
of the data they use to develop the AI.

The decision to adopt an AI technology is complex and
multifaceted. Clear regulatory processes that consider unique
features of AI technologies need to be established, including
continued learning, to ensure AI technologies are safe and
effective when used in clinical settings. Adopters should also
consider what safety nets are in place to identify poor
performance and reduce false negative results, such as expert
systems and regular “sense checks.”

Conclusions
AI technologies are being designed with a wide variety of
approaches, and the optimal approach and position in the skin
cancer diagnostic pathway for these technologies have not yet
been determined. AI technologies have the potential to help
detect and diagnose skin cancer, to improve patient experience
and outcomes, and to reduce the workload of overstretched
health care systems. However, we have identified important
concerns surrounding trust, acceptability, usability,
generalizability, evaluation, regulation, implementation, and
long-term use. These technologies need to be developed
carefully and thoughtfully to achieve their potential, guided by
evidence-based approaches and appropriate implementation,
taking into consideration long-term sustainability and safety.
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Abstract

Background: Decision aids improve patient and clinician decision-making but are underused and often restricted to clinical
settings.

Objective: Given limited studies analyzing the feasibility of disseminating decision aids through social media, this study aimed
to evaluate the acceptability, trust, and engagement of women with social media as a tool to deliver online decision aids for cancer
treatment.

Methods: To prepare for potential dissemination of a breast cancer decision aid via social media, a cross-sectional survey in
February 2023 was conducted via Prime Panels, an online market research platform, of women aged 35-75 years in the United
States. Demographics, health, cancer information-seeking behaviors, social media use, trust in social media for health information,
as well as the likelihood of viewing cancer-related health information and clicking on decision aids through social media, were
assessed. Statistical analyses included descriptive statistics, correlations, and multivariable ordinal regression.

Results: Of 607 respondents, 397 (65.4%) had searched for cancer information, with 185 (46.6%) using the internet as their
primary source. Facebook (Meta) was the most popular platform (511/607, 84.2%). Trust in social media for health information
was higher among Black (14/72, 19.4%) and Asian respondents (7/27, 25.9%) than among White respondents (49/480, 10.2%;
P=.003). Younger respondents aged 35-39 years (17/82, 20.7%) showed higher trust than those aged 70-79 years (12/70, 17.1%;
P<.001). Trust in social media for health information was linked to a higher likelihood of viewing cancer information and accessing
a decision aid online (P<.001). Participants who rated social media as “Trustworthy” (n=73) were more likely to view cancer
information (61/73, 83.6%) and click on decision aids (61/73, 83.6%) than those who found it “Untrustworthy” (n=277; view:
133/277, 48.0%; click: 125/277, 45.1%). Engagement with social media positively correlated with viewing online cancer information
(Spearman ρ=0.20, P<.001) and willingness to use decision aids (ρ=0.21, P<.001). Multivariable ordinal regression analyses
confirmed that perception of social media’s trustworthiness is a significant predictor of engagement with decision aids (untrustworthy
vs trustworthy β=–1.826, P<.001; neutral vs trustworthy β=–0.926, P=.007) and of viewing cancer information (untrustworthy
vs trustworthy β=–1.680, P<.001, neutral vs trustworthy β=–0.581, P=.098), while age and employment status were not significant
predictors.
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Conclusions: This exploratory study suggests that social media platforms may increase access to health information and decision
aids. No significant differences were observed between demographic variables and the use or trust in social media for health
information. However, trust in social media emerged as a mediating factor between demographics and engagement with cancer
information online. Before disseminating decision aids on social media, groups should identify existing trust and engagement
patterns with different platforms within their target demographic.

(JMIR Cancer 2025;11:e64724)   doi:10.2196/64724

KEYWORDS

shared decision-making; SDM; decision aids; cancer treatment; breast cancer; digital health; social media; health communication;
online decision aids; health information-seeking behavior; trust in health information; healthcare accessibility; mhealth

Introduction

An estimated 2,001,140 new cancer cases are expected in 2024
[1]. Shared decision-making (SDM) describes a process between
the clinician and patient to facilitate preference-sensitive choices
[2]. Decision aids, which can support the SDM process, are
evidence-based tools designed to provide patients with
information, clarify their preferences, and prepare them to make
a choice [3,4]. In this study, we explore the potential of social
media as an avenue for engagement with decision-making tools.

SDM has been shown to be important for cancer
decision-making, with multiple randomized controlled trials
demonstrating that decision aids improve patient knowledge
and the quality of decisions [3-11]. Unfortunately, decision aid
use has been limited, and their dissemination has been largely
confined to clinical settings. A 2010 study revealed that only
24% of clinicians working with patients with cancer used
decision aids [12-18]. The focus on clinical settings as the
singular forum for decision aid deployment is predicated on
clinician buy-in and may restrict the use of decision aids to a
select cohort of the population [12-19].

Social media offers a promising means for disseminating
decision aids without relying on health care access. It may also
provide a more extended and personalized modality for
disseminating information [20]. With 81% of Americans using
social media, a number that continues to grow, social media
platforms present an underused opportunity to disseminate
highly accessible decision-making tools [21]. Social media can
help to overcome challenges associated with traditional clinical
encounters (ie, time, workflow, etc) and can enhance the
patient-clinician relationship by promoting empowerment,
reducing communication barriers, and increasing knowledge
about conditions and treatment options [14,22].

Numerous studies have highlighted the positive impact of
web-based decision aids for women, particularly in the context
of breast cancer, the leading cause of cancer among females
[23]. Despite the potential benefits of social media for decision
aid dissemination, it remains uncertain whether females will
use cancer-related decision aids available through social media
or other online channels. To address this gap, we examined
factors influencing engagement with decision aids on social
media and explored health information-seeking behaviors across
various platforms. This study aimed to evaluate the feasibility,
acceptability, trust, and engagement with social media as a tool
to deliver online decision aids to women for cancer treatment.

By focusing specifically on women, we aimed to address the
unique health and decision-making needs of this population and
provide insight for future research on breast cancer-related
decision aids.

Methods

Survey Design
A cross-sectional survey was designed to assess the use and
preferences for social media–advertised decision-making tools
for cancer care. The survey involved several key areas of inquiry
(Multimedia Appendix 1). Briefly, these areas included
“Health-Related Information Behaviors” (5 questions) to assess
participants’behaviors in seeking and using health information;
“Sources of Health Information” (3 questions), exploring
individuals’ preferences and trust levels in various health
information sources; “Social Media Use” (18 questions),
examining patterns and motivations behind social media
interactions, particularly concerning health information; and
“Demographic Data” (10 questions), covering a wide range of
personal and socioeconomic factors. Within the “Social Media
Use” section, two items related to the main outcomes of the
study were embedded, created by the study team, which asked
participants to imagine themselves or a loved one deciding about
cancer treatment and then assessing their likelihood of viewing
cancer treatment information or clicking on a decision aid posted
on social media. Other survey questions were adapted from
items from the Health Information National Trends Survey [24].
Items assessing reasons to use social media included categories
identified in the literature through the uses and gratifications
theory and the social media engagement model [25-27].

The response formats varied according to the specific inquiry,
including multiple-choice options, checkboxes for applicable
answers, and Likert scales for assessing attitudes and opinions.
Although all 39 questions could be answered, branching logic
was used to tailor the survey based on participants’ responses
(eg, only those reporting the use of specific social media
platforms were asked follow-up questions about their
motivations for use). The survey was designed to be completed
within 5 to 10 minutes and included 2 attention-check questions.
One single question, with the associated branching logic, was
shown on the screen at a time. Participants were unable to skip
questions (except for the questions asking the frequency of use
and reason for use of social media platforms) and were notified,
“Please answer this question” if attempted to skip. Participants
were able to go back and change their answers if desired. The
order of survey items, and answers, was fixed and not
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randomized, as the survey design prioritized logical flow and
ease of navigation for participants. This study is reported in a
manner that is consistent with the specified Checklist for
Reporting Results of Internet E-Surveys (CHERRIES)
guidelines (Multimedia Appendix 2) [28].

Population Targeting and Survey Distribution
The survey was designed and hosted on the Qualtrics platform
(Qualtrics, Provo) and distributed in February 2023 via Prime
Panels, a component of Cloud Research [29]. Prime Panels uses
a novel data collection method by aggregation of diverse opt-in
market research panels into a comprehensive sampling platform,
facilitating the recruitment of participants from existing
commercial panel pools. This method supports demographic
quotas and specific eligibility criteria, enhancing data
representativeness, especially among hard-to-reach populations.
Eligible participants were invited to participate through targeted
email and dashboard invitations sent by the market research
panels within the Prime Panels network, based on the
demographic criteria specified for the study [30]. Participants
were required to complete the survey in a single sitting, and no
reminders were sent to those who did not finish it during that
session. Due to the wide distribution on several platforms,
response rates and the total number of invitations sent were not
calculated by Prime Panels.

We aimed to gather a representative sample of United States
females aged 35-75 years for this study, as this age range
represents the peak period for breast cancer diagnosis. The study
exclusively enrolled female participants to direct focus toward
future research efforts related to breast cancer in women. Using
2022 US Census data, the population of females aged 35-75
years were inputted into the Qualtrics sample size calculator
with a 99% CI and a 5% margin of error to determine the
required sample size [31]. Based on these calculations, the
survey targeted approximately 660 female participants, with an
additional 15% included to account for potential exclusions due
to poor response quality, bringing the total recruitment goal to
750 participants. Study specific eligibility criteria incorporated
into the Prime Panels query included female participants aged
35 years or older with US IP addresses. Demographic quotas
based on United States Census Bureau parameters were set as:
16% Hispanic, Latino, or Spanish origin; 78% White; 13%
Black; 5% Asian; 2% American Indian or Alaskan Native; and
2% other races. Age quotas aimed for an equal distribution
between the 35-55 years and 56-75 years age ranges to reflect
the demographics of breast cancer survivors. To ensure survey
security, Qualtrics options for “Bot Detection,” “RelevantID,”
and “Prevent Indexing” were enabled.

Statistical Analyses
Data analysis was performed using Microsoft Excel and SPSS
Statistics (version 28.0; IBM Corp). Graphs were constructed
via R Statistical Software (version 4.1.2; R Core Team 2021).
Descriptive statistics characterized the demographic
characteristics, health-seeking behaviors, and social media
engagement of the study population. Social media engagement
was determined based on respondents’ selections of platforms
they actively used, followed by survey questions that assessed
the frequency of engagement with each platform. These

questions categorized usage frequency into 4 levels: multiple
times a day, once a day, at least 3 times a week, or less than 3
times a week. Numerical values ranging from 1 to 4 were
assigned to these categories, with 1 indicating the least frequent
usage and 4 the most frequent. An “Overall Social Media
Engagement Score” was computed by aggregating these values
across all platforms used by a respondent. Participants were
classified into 4 groups based on their “Overall Social Media
Engagement Score” to approximate quartiles for analysis. These
groups were defined as follows: “Low Engagement” (scores of
>0 and ≤3), “Moderate Engagement” (scores of >3 and ≤4),
“Moderate-High Engagement” (scores of >4 and ≤8), and “High
Engagement” (scores of >8 and ≤23).

To ensure data integrity, surveys were excluded based on the
following criteria: completion times shorter than 3 minutes or
longer than 20 minutes, flags from Qualtrics indicating duplicate
responses, an Amazon Mechanical Turk fraud score above 50,
or incorrect responses to two embedded control multiple-choice
questions.

Analysis of Trustworthiness of Social Media
To evaluate associations between demographic factors and the
perceived trustworthiness of social media as a reliable source
of health information, chi-square, and Fisher’s exact tests were
performed. To ensure that there were enough observations in
each category for the statistical analysis to be reliable, the
response categories “Trustworthy” and “Very Trustworthy”
were merged into a single “Trustworthy” category, while
“Untrustworthy” and “Very Untrustworthy” were combined
into “Untrustworthy.”

Analysis of Social Media Engagement
In terms of the two questions assessing the likelihood of
engaging with cancer treatment-related information seen on
social media, responses were condensed from a 7-tier scale to
3 categories: “Unlikely” (1-3), “Neutral” (4), and “Likely” (5-7)
to ensure a more balanced distribution of responses, as some of
the original categories had very few observations. Spearman
rank correlation coefficients were calculated to quantify the
strength and direction of the association between the “Overall
Social Media Engagement Score” and the tiered scores
representing the likelihood of interacting with cancer-related
information. For visual interpretation, the mean likelihood of
respondents interacting with cancer-related information was
calculated for each unique “Overall Social Media Engagement
Score.” For all analyses, statistical significance was set at a P
value of less than .05, using 2-tailed testing.

Analysis of Likelihood to View Cancer-Related Health
Information or Click on Decision Aid
Nonparametric tests, specifically the Kruskal-Wallis and
Mann-Whitney U tests, were used to evaluate the relationships
between demographic characteristics, trust in social media, and
the propensity to use decision aids or view cancer-related health
information on these platforms. Variables that were found to
be significantly related to the use of decision aids or viewing
health information at P≤.10 were then checked for
multicollinearity via variance inflation factor (VIF) values <5
before inclusion in an ordinal regression model.
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Ethical Considerations
This study was reviewed and received approval from the
institutional review board at Ohio State University as exempt
(protocol 2022E0836). Informed consent was obtained from all
participants involved in the study. Participant data were collected
anonymously, with no identifying information retained in the
dataset. The original informed consent included provisions for
the use of deidentified data for research purposes, as reviewed
and approved by the institutional review board. Data were stored
in a secure, password-protected database accessible only to
study investigators. All participants were compensated by Prime
Panels in the amount agreed to by the platform through which
they entered the survey, which is unknown to study personnel.

Results

A total of 757 responses were initially recorded at the
completion of distribution. Of these, 607 met inclusion criteria
with a Qualtrics “Response Quality” of 99.0%. Participants
completed the survey in a mean SD time of 5.5 (SD 2.6)
minutes.

Respondent Demographics
All participants were female, aged 35-75 years (Table 1). Of
the 607 respondents, most were non-Hispanic (556/607, 91.6%)
and White (480/607, 79.1%). The most common education level
was some college or an associate degree (201/607, 33.1%). The
most common income range was US $20,000 to US $35,000
(119/607, 18.9%), with over half (327/607, 53.9%) earning less
than US $50,000 annually.
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Table 1. Demographic characteristics of respondents.

Respondents (N=607), n (%)Characteristics

Ethnicity

48 (7.9)Hispanic

556 (91.6)Non-Hispanic

3 (0.5)Unknown or prefer not to answer

Race

480 (79.1)White

72 (11.9)Black

27 (4.4)Asian

16 (2.6)Native American or Alaskan Native

0 (0.0)Native Hawaiian or Pacific Islander

11 (1.8)Other or prefer not to answer

Age (years)

82 (13.5)35-39

141 (23.2)40-49

149 (24.5)50-59

165 (27.2)60-69

70 (11.5)70-79

Highest level of education achieved

175 (28.8)High school diploma, GEDa, or less

46 (7.6)Technical training or certificate

201 (33.1)Some college or associate degree

111 (18.3)College degree

74 (12.2)Graduate or professional degree

Annual household income (US $)

109 (18.0)<20,000

115 (18.9)20,000-35,000

103 (17.0)35,000-50,000

109 (18.0)50,000-75,000

73 (12.0)75,000-100,000

82 (13.5)>100,000

16 (2.6)Unknown or prefer not to answer

Insurance type

229 (37.7)Private

301 (49.6)Government

43 (7.1)Uninsured

8 (1.3)Other

26 (4.3)More than 1 insurance policy

Relationship status

129 (21.3)Single

268 (44.2)Married

150 (24.7)Separated or divorced

57 (9.4)Widowed
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Respondents (N=607), n (%)Characteristics

3 (0.5)Other or unknown or prefer not to answer

Employment status

207 (34.1)Full-time

71 (11.7)Part-time

121 (19.9)Not working for pay or unemployed

200 (32.9)Retired

8 (1.3)Other or unknown or prefer not to say

Country of birth

555 (91.4)United States

52 (8.6)Outside of the United States

Years of US residency

20 (3.3)Less than 15 years

587 (96.7)More than 15 years

aGED: graduate educational diploma.

Health-Seeking Behavior
In total, 551 out of 607 participants (90.8%) had sought health
or medical information from various sources at some point

(Table 2). Out of 551 respondents, the internet was the most
common first source of health information (n=441/551, 80.0%),
while 75 or 13.6% consulted a doctor or health care provider.
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Table 2. Characteristics of health-seeking behaviors.

Respondents (N=607), n (%)Question

551 (90.8)Have you ever looked for information about health or medical topics from any source?

551 (100)The most recent time you looked for information about health or medical topics, where did you go first?

75 (13.6)Doctor or health care provider

441 (80)Internet

10 (1.8)Brochure or pamphlet, etc.

3 (0.5)Friend or coworker

11 (2)Family

2 (0.4)Cancer organization

1 (0.2)Newspapers

5 (0.9)Books

2 (0.4)Library

1 (0.2)Telephone information number

551 (100)The most recent time you looked for information about health or medical topics, who was it for?

408 (74)Self

72 (13.1)Someone else

71 (12.9)Both oneself and someone else

592 (100)Which of the following sources have you used in the last month as a source of news or information about health topics?a

72 (12.2)Blogs or personal websites

133 (22.5)Center for disease control and prevention

63 (10.6)World Health Organization

46 (7.8)Government

19 (3.2)Community or faith leaders

256 (43.2)Online news

48 (8.1)Email

204 (34.5)Family and friends

282 (47.6)Health professionals

22 (3.7)Radio

27 (4.6)Podcasts

69 (11.7)TV

119 (20.1)Social media

46 (7.8)Print media

53 (9)Video sharing sites

607 (100)Have you ever looked for information about cancer from any source?

397 (65.4)Yes

210 (34.6)No

397 (100)In the past 12 months, have you used the internet to look for cancer information for yourself?

185 (46.6)Yes

212 (53.4)No

603 (100)Where do you access your social media accounts?a

258 (42.8)Computer or laptop

159 (26.4)iPad or tablet
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Respondents (N=607), n (%)Question

497 (82.4)Smartphone

aParticipants were able to check all that apply.

Social Media Use and Engagement
In total, 80 out of 607 or 95.6% of respondents used social
media. Of these, Facebook was the most popular platform, used
by 511 or 84.2%, and was used primarily for social interactions
by 338 out of 487 respondents (69.4%). YouTube (Alphabet
Inc) and Instagram (Meta) were primarily used for entertainment
(189 out of 251 or 75.3% and 110 out of 193 or 57.0%,
respectively). 18.5%, or 112 out of 607 respondents,
demonstrated a “Low Engagement” pattern regarding social
media use.

Trustworthiness of Social Media
The majority of the 607 respondents found social media
trustworthy (73/607, 12.0%) or neutral (257/607, 42.3%) for
health information. Black or Asian race, younger age, and longer

duration of US residency were associated with greater trust in
social media. Among Black respondents, 14 out of 72 (19.4%)
considered social media trustworthy, compared to 49 out of 480
(10.2%) of White respondents (P=.003). Asian respondents
showed even higher trust levels, with 7 out of 27 (25.9%) rating
social media as trustworthy. Younger individuals also reported
greater trust, with 17 out of 82 (20.7%) of those aged 35-39
years trusting social media compared with 12 out of 70 (17.1%)
among those aged 70-79 years (P<.001). In addition, respondents
with longer US residency (more than 15 years) showed greater
trust, with 272 out of 587 (46.3%) indicating trustworthiness
in social media, compared with only 5 out of 20 (25.0%) of
those with less than 15 years of residency (P=.004). In total,
277 respondents (45.6%) noted social media to be untrustworthy
(Table 3).
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Table 3. Factors associated with perceived trustworthiness of social media as a source for health information.

P valueRespondents, n (%)UntrustworthyNeutralTrustworthyFactors

N/Aa607 (100)277 (45.63)257 (42.3)73 (12)Total

.14Ethnicity

556 (100)259 (46.58)233 (41.9)64 (11.5)Non-Hispanic

48 (100)16 (33.33)23 (47.9)9 (18.8)Hispanic

3 (100)2 (66.67)1 (33.3)0 (0.08)Unknown or prefer not to answer

.003bRace

480 (100)237 (49.4)194 (40.4)49 (10.2)White

72 (100)26 (36.1)32 (44.4)14 (19.4)Black

27 (100)5 (18.5)15 (55.6)7 (25.9)Asian

16 (100)7 (43.8)7 (43.8)2 (12.5)Native American or Alaskan Native

0 (100)0 (0)0 (0)0 (0)Native Hawaiian or other Pacific Islander

12 (100)2 (16.7)9 (75)1 (8.3)Other or prefer not to answer

<.001bAge (years)

82 (100)32 (39)33 (40.2)17 (20.7)35-39

141 (100)53 (37.6)68 (48.2)20 (14.2)40-49

149 (100)65 (43.6)71 (47.7)13 (8.7)50-59

165 (100)87 (52.7)67 (40.6)11 (6.7)60-69

70 (100)40 (57.1)18 (25.7)12 (17.1)70-79

.40Highest level of formal education achieved

175 (100)70 (40)81 (46.3)24 (13.7)High school diploma, GEDc, or less

46 (100)22 (47.8)19 (41.3)5 (10.9)Technical training or certificate

201 (100)86 (42.8)92 (45.8)23 (11.4)Some years of college or associate degree

111 (100)59 (53.2)40 (36)12 (10.8)College degree

74 (100)40 (54.1)25 (33.7)9 (12.2)Graduate or professional degree

.63Annual household income (US $)

109 (100)45 (41.3)53 (48.6)11 (10.1)<20,000

115 (100)50 (43.5)48 (41.7)17 (14.8)20,000-35,000

103 (100)41 (39.8)47 (45.6)15 (14.6)35,000-50,000

109 (100)54 (49.5)43 (39.5)12 (11)50,000-75,000

73 (100)39 (53.4)24 (32.9)10 (13.7)75,000-100,000

82 (100)39 (47.6)35 (42.7)8 (9.8)>100,000

16 (100)9 (56.3)7 (43.8)0 (0)Unknown or prefer not to answer

.16Insurance type

229 (100)103 (45)98 (42.8)28 (12.2)Private

301 (100)136 (45.2)123 (40.9)42 (14)Government

43 (100)18 (41.9)24 (55.8)1 (2.3)Uninsured

34 (100)20 (58.8)12 (35.3)2 (5.9)Other insurance or more than 1 policy

.79Relationship status

129 (100)56 (43.4)58 (45)15 (11.6)Single

268 (100)133 (49.6)102 (38.1)33 (12.3)Married

150 (100)62 (41.3)70 (46.6)18 (12)Separated or divorced
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P valueRespondents, n (%)UntrustworthyNeutralTrustworthyFactors

57 (100)25 (43.9)25 (43.9)7 (12.3)Widowed

3 (100)1 (33.3)2 (66.7)0 (0)Other or unknown or prefer not to answer

.09Employment status

207 (100)89 (43)96 (46.4)22 (10.6)Full-time

71 (100)30 (42.3)31 (43.7)10 (14.1)Part-time

121 (100)46 (38)58 (47.9)17 (14.1)Not working for pay or unemployed

200 (100)108 (54)68 (34.0)24 (12)Retired

2 (100)1 (50)1 (50)0 (0)Other or unknown or prefer not to say

.28Country of birth

555 (100)258 (46.49)233 (41.98)64 (11.5)United States

52 (100)19 (36.54)24 (46.15)9 (17.3)Outside of the United States

.004bYears of US residency

20 (100)5 (25)8 (40)7 (35)Less than 15 years

587 (100)272 (46.3)249 (42.4)66 (11.2)More than 15 years

N/APlatforms used (multiple selections allowed)

511 (100)226 (44.2)220 (43.1)65 (12.7)Facebook

136 (100)48 (35.3)65 (47.8)23 (16.9)Twitter (rebranded as X)

277 (100)117 (42.2)125 (45.1)35 (12.6)Instagram

394 (100)162 (41.1)179 (45.4)53 (13)YouTube

80 (100)29 (36.3)34 (42.5)17 (21.3)WhatsApp (Meta)

171 (100)64 (37.4)85 (49.7)22 (12.9)TikTok (ByteDance)

30 (100)16 (53.3)10 (33.3)4 (13.3)Other or unknown

aN/A: not applicable.
bP<.05.
cGED: graduate educational diploma.

Among social media platforms, the highest proportion of
trustworthy users was noted among the 80 WhatsApp users
(n=17, 21.3%), followed by 23 out of the 136 (16.9%) Twitter
users. Amongst the 511 respondents who used Facebook, the
most frequently used platform, 65 or 12.7% reported trust in
social media for health information.

Use of Cancer Information or Decision Aids Through
Social Media
Participants who considered social media “Trustworthy” (n=73)
were more likely to view cancer information (n=61, 83.6%) or

click on a decision aid through social media (n=61, 83.6%) than
the 277 respondents who viewed social media as
“Untrustworthy” (view: n=133, 48.0%; click: n=125, 45.1%)
(Tables 4 and 5). Younger participants, particularly those aged
35-39 years were more likely to view cancer-related information
through social media. Only 10 out of 57 (12.2%) in the 35-39
years age group rated their likelihood as “unlikely,” compared
with 54 out of 89 (32.7%) aged 60-69 years. Among respondents
aged 35-39 years, 54 out of 82 (65.9%) were likely to click on
the decision aid, while in the 60-69 years age group, 87 out of
165 (52.7%) indicated they were likely to click.
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Table 4. Nonparametric analysis of factors influencing viewing of cancer-related health information on social media: social media trustworthiness and
demographic insights.

P valueRespondents, n (%)Likelihood of viewing cancer-related health information seen on social
media

Variable

LikelyNeutralUnlikely

N/Aa607 (100)384 (63.26)82 (13.51)141 (23.23)Total

<.001bTrustworthiness of social media

277 (100)133 (48)45 (16.2)99 (35.7)Untrustworthy

257 (100)190 (73.9)31 (12.1)36 (14)Neutral

73 (100)61 (83.6)6 (8.2)6 (8.2)Trustworthy

.86Ethnicity

556 (100)351 (63.1)75 (13.5)130 (23.4)Hispanic

48 (100)31 (64.6)6 (12.5)11 (22.9)Non-Hispanic

3 (100)2 (66.7)1 (33.3)0 (0)Unknown or prefer not to answer

.17Race

480 (100)302 (62.9)68 (14.2)110 (22.9)White

72 (100)40 (55.6)9 (12.5)23 (31.9)Black

27 (100)21 (77.8)2 (7.4)4 (14.8)Asian

16 (100)11 (68.8)3 (18.8)2 (12.5)Native American or Alaskan Native

0 (0)0 (0)0 (0)0 (0)Native Hawaiian or Pacific Islander

12 (100)10 (83.3)0 (0)2 (16.7)Other or prefer not to answer

.008bAge (years)

82 (100)57 (69.5)15 (18.3)10 (12.2)35-39

141 (100)94 (66.7)20 (14.2)27 (19.1)40-49

149 (100)103 (69.1)15 (10.1)31 (20.8)50-59

165 (100)89 (53.9)22 (13.3)54 (32.7)60-69

70 (100)41 (58.6)10 (14.3)19 (27.1)70-79

.65Highest level of education attained

175 (100)114 (65.1)25 (14.3)36 (20.6)High school diploma, GEDc, or less

46 (100)27 (58.7)8 (17.4)11 (23.9)Technical training or certificate

201 (100)131 (65.2)27 (13.4)43 (21.4)Some college or associates degree

111 (100.0)69 (62.2)13 (11.7)29 (26.1)College degree

74 (100)43 (58.1)9 (12.2)22 (29.7)Graduate or professional degree

.83Annual household income (US $)

109 (100)64 (58.7)20 (18.3)25 (22.9)<20,000

115 (100)76 (66.1)16 (13.9)23 (20)20,000-35,000

103 (100.0)66 (64.1)8 (7.8)29 (28.2)35,000-50,000

109 (100)67 (61.5)18 (16.5)24 (22)50,000-75,000

73 (100)46 (63)7 (9.6)20 (27.4)75,000-100,000

82 (100)56 (68.3)10 (12.2)16 (19.5)>100,000

16 (100)9 (56.2)3 (18.8)4 (25)Unknown or prefer not to answer

.39Insurance type

229 (100)151 (65.9)28 (12.2)50 (21.8)Private

301 (100)187 (62.1)40 (13.3)74 (24.6)Government
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P valueRespondents, n (%)Likelihood of viewing cancer-related health information seen on social
media

Variable

LikelyNeutralUnlikely

43 (100)28 (65.1)9 (20.9)6 (14)Uninsured

34 (100)18 (52.9)5 (14.7)11 (32.4)Other insurance or more than 1 pol-
icy

.29Relationship status

129 (100)76 (58.9)19 (14.7)34 (26.4)Single

268 (100)180 (67.2)32 (11.9)56 (20.9)Married

150 (100)94 (62.7)20 (13.3)36 (24)Separated or divorced

57 (100)32 (56.1)10 (17.5)15 (26.3)Widowed

3 (100)2 (66.7)1 (33.3)0 (0)Other or unknown or prefer not to
answer

.01bEmployment status

207 (100)138 (66.7)32 (15.5)37 (17.9)Full-time

71 (100)44 (62)8 (11.3)19 (26.8)Part-time

121 (100)88 (72.7)7 (5.8)26 (21.5)Not working for pay or unemployed

200 (100)109 (54.5)34 (17)57 (28.5)Retired

8 (100)5 (62.5)1 (12.5)2 (25)Other or unknown or prefer not to
say

.55Country of birth

555 (100)348 (62.7)79 (14.2)128 (23.1)United States

52 (100)36 (69.2)3 (5.8)13 (25)Outside of the United States

.27Length of US residency

20 (100)15 (75)2 (10)3 (15)Less than 15 years

587 (100)369 (62.9)80 (13.6)138 (23.5)More than 15 years

aN/A: not applicable.
bP<.05.
cGED: graduate educational diploma.
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Table 5. Nonparametric analysis of factors influencing clicking on a decision aid seen on social media: social media trustworthiness and demographic
insights.

P valueRespondents, n (%)Likelihood of clicking on a decision aid seen on social mediaVariable

LikelyNeutralUnlikely

N/Aa607 (100)355 (68.48)101 (16.64)151 (24.88)Total

<.001bTrustworthiness of social media

277 (100)125 (45.1)49 (17.7)103 (37.2)Untrustworthy

257 (100)169 (65.8)46 (17.9)42 (16.3)Neutral

73 (100)61 (83.6)6 (8.2)6 (8.2)Trustworthy

.72Ethnicity

556 (100)325 (58.5)89 (16)142 (25.5)Hispanic

48 (100)28 (58.3)11 (22.9)9 (18.8)Non-Hispanic

3 (100)2 (66.7)1 (33.3)0 (0)Unknown or prefer not to answer

.19Race

480 (100)280 (58.3)79 (16.5)121 (25.2)White

72 (100)37 (51.4)13 (18.1)22 (30.6)Black

27 (100)20 (74.1)4 (14.8)3 (11.1)Asian

16 (100)9 (56.2)4 (25)3 (18.8)Native American or Alaskan Native

0 (0)0 (0)0 (0)0 (0)Native Hawaiian or Pacific Islander

12 (100)8 (72.7)1 (9.1)2 (18.2)Other or prefer not to answer

.06Age (years)

82 (100)54 (65.9)16 (19.5)12 (14.6)35-39

141 (100)88 (62.4)25 (17.7)28 (19.9)40-49

149 (100)88 (59.1)26 (17.4)35 (23.5)50-59

165 (100)87 (52.7)25 (15.2)53 (32.1)60-69

70 (100)38 (54.3)9 (12.9)23 (32.9)70-79

.48Highest level of education attained

175 (100)104 (59.4)33 (18.9)38 (21.7)High school diploma, GEDc, or less

46 (100)25 (54.3)9 (19.6)12 (26.1)Technical training or certificate

201 (100)120 (59.7)34 (16.9)47 (23.4)some college or associates degree

111 (100)68 (61.3)15 (13.5)28 (25.2)College degree

74 (100)38 (51.4)10 (13.5)26 (35.1)Graduate or professional degree

.43Annual household income (US $)

109 (100)57 (52.3)22 (20.2)30 (27.5)<20,000

115 (100)71 (61.7)20 (17.4)24 (20.9)20,000-35,000

103 (100)61 (59.2)14 (13.6)28 (27.2)35,000-50,000

109 (100)59 (54.1)24 (22)26 (23.9)50,000-75,000

73 (100)44 (60.3)6 (8.2)23 (31.5)75,000-100,000

82 (100)55 (67.1)11 (13.4)16 (19.5)>100,000

16 (100)8 (50)4 (25)4 (25)Unknown or prefer not to answer

.54Insurance type

229 (100)125 (60.4)38 (18.4)44 (21.3)Private

301 (100)45 (63.4)13 (18.3)13 (18.3)Government
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P valueRespondents, n (%)Likelihood of clicking on a decision aid seen on social mediaVariable

LikelyNeutralUnlikely

43 (100)78 (64.5)15 (12.4)28 (23.1)Uninsured

34 (100)103 (51.5)34 (17)63 (31.5)Other insurance or more than 1 policy

.37Relationship status

129 (100)72 (55.8)18 (14)39 (30.2)Single

268 (100)166 (61.9)44 (16.4)58 (21.6)Married

150 (100)85 (56.7)25 (16.7)40 (26.7)Separated or divorced

57 (100)30 (52.6)13 (22.8)14 (24.6)Widowed

3 (100)2 (66.7)1 (33.3)0 (0)Other or unknown or prefer not to an-
swer

.046bEmployment status

207 (100)125 (60.4)38 (18.4)44 (21.3)Full-time

71 (100)45 (63.4)13 (18.3)13 (18.3)Part-time

121 (100)78 (64.5)15 (12.4)28 (23.1)Not working for pay or unemployed

200 (100)103 (51.5)34 (17)63 (31.5)Retired

8 (100)4 (50)1 (12.5)3 (37.5)Other or unknown or prefer not to say

>.99Country of birth

555 (100)324 (58.4)94 (16.9)137 (24.7)United States

52 (100)31 (59.6)7 (13.5)14 (26.9)Outside of the United States

.19Length of US residency

20 (100)14 (70)4 (20)2 (10)Less than 15 years

587 (100)341 (58.1)97 (16.5)149 (25.4)More than 15 years

aN/A: not applicable.
bP<.05.
cGED: graduate educational diploma.

The “Overall Social Media Engagement Score” was associated
with increased likelihood of viewing cancer treatment-related
information (Spearman ρ=0.210, P<.001; Figure 1). For
instance, among those with an engagement score of 1, only 10
out of 25 (40%) were likely to view cancer information, whereas
among those with an engagement score of 8, 28 out of 44

(63.6%) were likely. In addition, the engagement score was also
associated with accessing a decision aid on social media
(Spearman ρ=0.203, P<.001; Figure 2). Among respondents
with an engagement score of 1, only 8 out of 25 (32%) were
likely to click on the decision aid, whereas for those with a score
of 8, 25 out of 44 (56.8%) indicated they were likely.
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Figure 1. Mean likelihood of viewing cancer-related health information seen on social media by “Overall Social Media Engagement Score.”.

Figure 2. Mean likelihood of clicking on a decision aid seen on social media by “Overall Social Media Engagement Score.”.

Age, employment, and perceptions of trustworthiness of social
media were included as covariates in the ordinal regression
models after significant multicollinearity was ruled out variance
inflation factor (VIF≤1.2). The model fit for estimating the
likelihood of clicking on decision aids was significant (χ²9=60.7,
P<.001, Nagelkerke R²=0.113). Respondent perception of the
trustworthiness of social media for health information was a

significant predictor. Compared with those who found social
media trustworthy, respondents who considered social media
“untrustworthy” (β=–1.826, Wald χ²=29.14, P<.001) or
“neutral” (β=–0.926, Wald χ²=7.22, P<.007) were less likely
to click. Age category (P=.59) and employment status (P=.29)
were not significant predictors.

JMIR Cancer 2025 | vol. 11 | e64724 | p.930https://cancer.jmir.org/2025/1/e64724
(page number not for citation purposes)

Johnson et alJMIR CANCER

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


The model for viewing cancer-related health information was
also significant (χ²9==70.4, P<.001, Nagelkerke R²=0.133).
Relative to those rating social media as trustworthy, those rating
it as “untrustworthy” had significantly reduced odds of viewing
cancer-related health information (β=–1.680, Wald χ²=24.31,
P<.001) while the reduction in likelihood of those rating it
“neutral” did not reach statistical significance (β=–0.581, Wald
χ²=2.74, P=.10). Once again, age (P=.35) and employment
status (P=.22) were not significant predictors.

Discussion

Principal Findings
The expanding role of social media in health information
dissemination underscores a shift in public health
communication. The internet is the most frequently reported
source of information for individuals with cancer, especially
among women, aligning with our findings [32]. To our
knowledge, this is the first study to examine factors influencing
engagement with decision aids and cancer-related information
amongst women using social media platforms.

These study findings suggest that social media holds potential
as a platform for the effective dissemination of cancer decision
aids to women. Overall social media usage was high, with
almost half of the respondents reporting moderate-high to high
engagement. We found that about two-thirds of participants
searched for cancer-related information, and nearly half of those
used the internet to seek such information for themselves in the
past year. Usage patterns varied across platforms: while
Facebook emerged as the most used platform, WhatsApp was
perceived as the most trustworthy source for health information
among our respondents.

Most respondents expressed interest in engaging with cancer
treatment information or clicking on a decision aid via social
media. Higher frequency of social media use correlated with a
higher likelihood of interacting with cancer-related content and
decision aids online. In addition, trust in social media appears
to be a mediating factor in the relationship between
demographics and engagement with cancer information on social
media. While younger participants and those who worked full
time were more likely to view cancer-related information and
click on a decision aid, this effect may be a function of their
higher likelihood of trusting social media.

Comparison to Previous Work
Integrating two primary concepts of this study, trust in social
media and the likelihood of engaging with health-related content,
our findings suggest that individuals who perceive social media
as a trustworthy source of health information are more likely
to interact with cancer-related treatment information, regardless
of their demographic. Numerous consumer studies have
highlighted the importance of source credibility in engagement
[33-35]. We recognize that trust is a multifaceted construct that
is objectively hard to evaluate because it is influenced by factors
including demographics, past experiences, and societal and
cultural norms [36]. Future studies should focus efforts on better
understanding their impact on health information engagement.

Recently, a study by Fridman et al [37] analyzed social media
usage and trust in health information among patients with cancer
and caregivers, focusing on demographic factors linked to social
media use for medical decisions. They also found that a
substantial proportion of patients with cancer and caregivers
trust social media for health information. Factors associated
with higher trust and engagement with social media tools
included young age, Black race, and lower education levels.
This is consistent with our findings that support trust as a
motivating factor for engagement with social media in a medical
decision-making context.

Our study was designed to identify trends and general usage
patterns across several social media platforms. Facebook (Meta)
was the most popular platform among our survey respondents,
with 84.2% reporting usage, aligning with 2023 national data
indicating that 69% of consumers use Facebook, making it the
most used social media site [38]. This is consistent with findings
from a recent study which found that Facebook was the most
frequently used social media platform for health behavior
interventions [39]. However, Facebook is not perceived as being
as trustworthy as some of the other platforms. Given the
relationship between perceptions of trustworthiness and the
likelihood of a respondent using health decision aids on social
media, popularity should not be the only factor guiding
dissemination. The demographic profile of users also continues
to evolve. For example, although less widely used overall,
WhatsApp (Meta) is increasingly popular among Latino or
Hispanic populations in the United States [40]. These trends
highlight the importance of understanding variations in platform
use amongst different cohorts when considering platform
selection.

In addition, consideration of platforms that can deliver
information in diverse formats (eg, text, video, photos, and
polls) is important, as each platform’s design and interaction
style may be better suited for specific sub-audiences. Future
research should focus on exploring platform-specific strategies
for health information delivery, especially as new platforms
emerge (eg, Bluesky [Bluesky PBLLC] and Threads [Meta])
and others become less frequent.

Moreover, the frequency of social media use has a significant
impact on the likelihood of engaging with decision aids or
accessing cancer-related health information. Frequent social
media users may be more likely to perceive others on these
platforms as having integrity and competence. They may also
report stronger connections with and greater concern for other
network users [41]. Frequency of social media use can
significantly influence user interactions, such as clicking
behavior [42]. However, our Spearman correlation analysis,
which focused solely on frequency, accounted for only about
4% of the variance in viewing and clicking behaviors. This
suggests that trust, along with other unmeasured factors, likely
plays a critical role in these engagement dynamics.

Strengths and Limitations
This exploratory study provides insight into the use of decision
aids for health information on social media and highlights the
key role of trust. It is an important stepping stone for future
research assessing online health behavior among female patients
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in cancer. A key strength of our study is the large sample size
(N=607) and the inclusion of a cohort that is fairly representative
of United States female population demographics based on
census data, enhancing the generalizability of our findings. In
addition, by recruiting a female-only cohort, our study offers a
more nuanced understanding of preferences and engagement
patterns among women, which can inform the development of
female-specific cancer decision aids tailored for social media.

As a cross-sectional survey-based study, this study was not
designed to explore the many complex, nuanced factors
associated with online use behavior. First, the survey, although
informed by widely used and nationally developed surveys, was
not pretested or pilot-tested for face validity. This lack of initial
testing may have been associated with increased confusion
among participants and could have influenced responses and
overall participation in the survey. Relatedly, we were close but
unable to meet the overall target population size of over 660
after the application of exclusion criteria. Second, as an
internet-based survey, it was subject to selection bias.
Participation required English proficiency, internet access, and
the ability to navigate an online survey. While incorporating
multilanguage options can be considered, facility and comfort
with the internet would still be required. Third, we were unable
to recruit a racially diverse population that would be matched
with corresponding US census data. For instance, the proportion
of Hispanic respondents was nearly half of the intended goal
(7.9% vs 16%). However, there was more variation in age,
education, and income distribution of respondents. Future efforts
in larger populations should focus on targeting underrepresented
demographics via other survey distribution platforms and
recruitment strategies.

Fourth, regarding statistical analysis, although a multivariable
regression was performed, our regression models only accounted

for roughly 10%-15% of the likelihood of viewing health
information or clicking on a decision aid seen on social media.
Moreover, potential influences from unmeasured factors, such
as medical conditions or personality traits, further complicated
attempts to understand these complex dynamics [43,44].

Future Directions
This study offers an initial insight into factors influencing online
health information and highlights the role of trust. Future
research should explore the potential of social media for the
delivery of online decision aids specifically designed for patients
seeking cancer information. Our study points to the need for
pilot testing health decision tools within the target demographic
to help with tool optimization and reliability of findings. Trust
is a nuanced concept, and efforts should focus on ways to better
quantify and distinguish between trust in both social media
platforms and online materials.

Once decision aids have been refined for their target population,
continued efforts should consider strategies to promote adoption
and optimize engagement. Partnering with reputable health
organizations, featuring endorsements from trusted medical
professionals, and using verified accounts for content delivery
can all be considered. Examining platform-specific formats,
such as interactive content on Facebook or visual aids on
Instagram, could help increase diffusion. Presenting clear,
evidence-based information in user-friendly, visually engaging
formats (eg, infographics or explainer videos) may further
increase credibility. Incorporating interactive features that allow
users to connect with health care providers or support groups
on social media could also render greater trust and engagement.
Research on these trust-building strategies would offer valuable
insight into optimizing social media as a reliable and accessible
channel for health information dissemination.
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Abstract

Background: Commonly used digital health technologies, such as electronic health record systems and patient portals as well
as custom-built digital decision aids, have the potential to enhance person-centered shared decision-making (SDM) in cancer
care. SDM is a 2-way exchange of information between at least a clinician and the patient and a shared commitment to make
informed decisions. However, there is little evidence in the literature on how technologies are used for SDM or how best they
can be designed and integrated into workflows and practice. This may be due to the nature of SDM, which is fundamentally
human interactions and conversations that produce desired human outcomes. Therefore, technology must be nonintrusive while
supporting the human decision-making process.

Objective: This study examined how digital technologies can help cancer care professionals improve SDM in oncology
consultations.

Methods: Health care professionals who treat patients with cancer were invited to participate in online co-design focus group
meetings. During these sessions, they shared their experiences using digital technologies for SDM and provided suggestions to
improve their use of digital technologies. The session recordings were transcribed and then analyzed using qualitative thematic
analysis. The 3-talk SDM model, which consists of 3 steps—team talk, option talk, and decision talk—was used as the guiding
framework. This approach was chosen because the 3-talk SDM model has been adopted in Australia. The researchers walked the
participants through the SDM model and discussed their routine clinical workflows.

Results: In total, 9 health care professionals with experience treating patients with cancer and using technologies participated
in the study. Two focus groups and 2 interviews were conducted in 2024. Three themes and 7 subthemes were generated from
the thematic analysis. The findings indicated that various digital technologies, such as electronic health record systems, mobile
devices, and patient portals, are used by cancer care professionals to help improve patients’ understanding of their disease and
available care options. Digital technologies can both improve and undermine SDM. Current systems are generally not designed
to support SDM. Key issues such as data integration and interoperability between systems negatively impact the ability of digital
technologies to support SDM. Emerging technologies such as generative artificial intelligence were discussed as potential
facilitators of SDM by automating information gathering and sharing with patients and between health professionals.

Conclusions: This research indicates that digital technologies have the potential to impact SDM in oncology consultations.
However, this potential has not yet been fully realized, and significant modifications are required to optimize their usefulness in
person-centered SDM. Although technology can facilitate information sharing and improve the efficiency of consultation
workflows, it is only part of a complex human communication process that needs support from multiple sources, including the
broader multidisciplinary cancer team.
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Introduction

Background
Shared decision-making (SDM) is defined as a collaborative
approach in which patients and health care providers work
together to make medical decisions [1]. SDM emphasizes a
cooperative relationship between the patient and the physician,
characterized by a 2-way exchange of information and a shared
commitment to making informed medical decisions [2]. During
the SDM conversation, patients and clinicians share information,
express preferences, participate in discussions to gain insights,
negotiate conflicts, solve problems, and ultimately make
decisions [3]. Through this approach, patients can play an active
role in their care [4], while physicians gain a better
understanding of the unique needs of each patient. Physicians
can then make informed and collaborative recommendations
that aim to improve patient health outcomes [5]. The use of
SDM is particularly crucial in oncology consultations, as the
results of treatments are often uncertain. This uncertainty makes
treatment decisions complex for patients who often have to
choose between aggressive disease management and maintaining
their quality of life [6]. Therefore, SDM has been implemented
in oncology consultations in several hospitals around the world,
and perceptions of its use by cancer care specialists in hospitals
have been studied [7-9]. Despite the integration of SDM into
health policies and practice standards [10,11], the benefits of
SDM are slow to materialize at the operational level [12], and
a fragmented health care system can complicate the
implementation of SDM.

Efforts have been made to integrate decision aids into electronic
health record (EHR) systems used by oncologists [13]. Current
EHRs used in oncology practices in hospitals may include
functions to facilitate the scheduling of patient consultations
and follow-ups, history taking, review of examination results,
electronic medication management systems, and care planning
[14,15]. However, existing EHRs often do not provide complete
details about patients’ health values and preferences [16]. This
lack of patient details can cause clinicians to misunderstand
patient preferences when patients experience cognitive
difficulties or when their health conditions worsen too quickly
to participate in SDM, which can have significant adverse
consequences [16]. The introduction and integration of
additional digital tools, such as cancer care dashboards, into
EHRs that display patient treatment outcomes and other clinical
measurements to monitor patient health status have been
developed to increase the ability of both clinicians and patients
to visualize results and aid decision-making [17] and to aid the
stakeholders during SDM to improve cancer care delivery [18].

Research is ongoing to understand how digital health tools and
EHRs can be combined in innovative ways to improve the SDM
process [19]. In particular, we need to collect more detailed
information to pinpoint where additional digital technology

could be developed and used to help the SDM process in the
delivery of cancer care. This paper examines how EHRs and
other digital tools are used in practice to inform possible future
improvements in applied digital technology to facilitate SDM
in oncology consultations.

Objectives
Hence, the objective of this study was to explore how health
care professionals use digital technology to support SDM in
oncology consultations, understand the barriers to technology
that support SDM in oncology consultations, and understand
the opportunities for future technology to improve SDM in
oncology consultations.

Methods

Study Design
This study design was informed by the 3-talk SDM model and
the approach of previous studies to develop digital tools to
support SDM [20]. The 3-talk model incorporates the principles
of team-based collaboration throughout a multistage consultation
process and is highly recognized in the health care sector. This
model has 3 main components: team talk, option talk, and
decision talk [21].

Therefore, to investigate the role of digital technology in SDM
in oncology consultations and to achieve the study objectives,
we applied the design thinking framework [22]. Design thinking
is a creative approach that has been used effectively to address
problems in the health care sector [23,24]. It helps to collect
user insights to develop efficient products, services, and
experiences [23]. Ideas are quickly prototyped and improved
through continuous iterations [25]. This study design was chosen
because it emphasizes collaboration with end users throughout
the problem-solving process. We developed low-fidelity
wireframe prototypes of EHRs. This technique was chosen to
investigate the potential of EHRs to help oncologists and patients
with cancer collaborate on decisions because it has been
suggested to be effective in health care management and
innovation [26]. Low-fidelity prototypes (Multimedia Appendix
1) were quickly created using affordable graphic software,
allowing feedback to be gathered without consuming significant
time and resources. We applied co-design and low-fidelity
prototyping methods with study participants in focus groups
and one-on-one interviews.

Participants and Settings
Health care professionals with opinions on the role of digital
technologies in oncology consultations were invited to
participate in this study. Specialists in medical and radiation
oncology, as well as physicians in training programs, were
included. Through existing university connections and local
cancer networks, participants were purposefully recruited from
5 cancer care centers in Sydney, Australia. A researcher (TS)
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initially contacted key potential participants who collaborated
on previous research projects in oncology via email and
introduced them to AY. AY then followed up on the
communication by providing an information package about the
research project and suggesting focus group schedules. The
focus groups and interviews were scheduled on Microsoft Teams
for remote videoconferencing, and the participants’ attendance
was recorded.

Data Collection
Guided by the core components of the SDM 3-talk model—team
talk, option talk, and decision talk—a focus group and interview
topic question guide were developed in advance to shape study
inquiries in alignment with the SDM model. The researchers
(AY, JK, AJ, and TS) iteratively developed the topic question
guide. The topic guide was pretested by running pilot focus
group sessions with researchers working on other health care
projects within the department. Their feedback helped to refine
the topic questions and focus group process. The final version
of the topic question guide is shown in Multimedia Appendix
1. The topic questions were used to ask participants about their
experience with how technology is used to support SDM within
each component of the 3-talk SDM model, particularly if they
used the 3 SDM core components in their usual medical practice.
The focus groups and interviews were semistructured and guided
by the topic questions. The low-fidelity prototypes were
presented to participants after discussing the application of
technology in their practice, and feedback was sought on the
usefulness of the concepts included in the prototype design. The
prototypes also served as a trigger for further discussion.

Each focus group and interview concluded by summarizing and
reflecting on the discussion and confirming the accuracy of the
researcher’s understanding of the information provided by the
participants while they were still present. This final concluding
step was necessary because scheduling busy, working health
care professionals providing cancer care to patients for study
reviews is difficult.

All interviews and focus groups were recorded in video and
audio formats. They took place online between April and May
2024. Author AY led all the focus groups and interviews.

Data Analysis
Three researchers (AY, AJ, and TS) analyzed the qualitative
data collected using the reflexive thematic analysis as a
framework by Braun and Clarke [27-30]. This method guided
the initial coding process applied to the focus group meetings
and interview recording transcripts, which were deidentified
and anonymized. The researchers first read through the
transcripts to fully understand the data. They then proceeded

with line-by-line coding, collaboratively compiling and
discussing the codes. After completing the coding, the codes
were inductively arranged into themes and subthemes.
Researcher AY created a codebook, and the researchers engaged
in multiple discussions to agree on the identified themes and
subthemes. The codebook was tested on 1 transcript. Iterative
discussions and consensus resulted in a refinement of the
codebook. The final codebook was then used to code the
remaining focus groups and interview transcripts. Then, AY
used the codebook to code the content of each remaining
transcript. Columns in an Excel (Microsoft Corporation) sheet
were created to represent different themes and subthemes. AY
analyzed the content of each transcript line by line and coded
the text. The coded chunks of text were extracted and added to
the Excel table according to their alignment with the themes.
As new knowledge was found, the codes were refined
accordingly. Afterward, AJ reviewed, modified, and confirmed
the recategorization of the codes. Eventually, AY finalized the
recorded data in the Excel sheet.

Ethical Considerations
The Human Research Ethics Committee of the University of
Sydney approved this study (project number: 2023/790). All
participants provided written informed consent. Data collected
were anonymized and deidentified, and the research data were
stored in the university’s secure computer systems. All the
participants provided their time and information freely without
receiving financial compensation.

Positionality of the Research Team
Our research team (TS, JK, and AJ) has extensive experience
conducting research on the implementation of digital
technologies in health care organizations in Australia from an
academic point of view. On the other hand, author AY is a
practicing professional with experience in developing and
implementing computer software in hospital settings for
clinicians. We believe that digital technologies can improve
health care. Thus, we are driven to implement the latest
innovations in health care.

Results

Participants
The study involved 9 participants who participated in different
co-design focus groups and interview sessions. One focus group
was attended by 5 (56%) participants; another focus group was
attended by 2 (22%) participants. Two interviews were
conducted one-on-one. Each session lasted between 30 and 60
minutes. The participant demographics are presented in Table
1.
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Table 1. Individual participant characteristics.

Level of experienceCancer care streamSexCancer Care
Center ID

Session IDParticipant ID

Radiation oncologist (consultant)Breast and lungFemaleC1AP1

Radiation oncologist (consultant)Breast and lungMaleC1BP2

Radiation oncology registrar (in training program)Breast and lungMaleC1BP3

Radiation oncology registrar (in training program)ProstateMaleC2BP4

Radiation oncologist (consultant)ProstateFemaleC2BP5

Radiation oncology registrar (in training program)ProstateFemaleC2BP6

Medical oncologist (senior consultant and hospital
executive)

Lung and head and neckMaleC3CP7

Anesthetic registrar (in training program)PerioperativeMaleC4CP8

Respiratory specialist (consultant)LungFemaleC5DP9

Overview of Themes and Subthemes
Three themes and 7 subthemes were generated from the thematic
analysis. The three themes are (1) decision-making in the

consultation, (2) barriers to decision-making, and (3) leveraging
new technologies to improve decision-making processes (Figure
1).

Figure 1. Overview of themes and subthemes. EHR: electronic health record.

Theme 1: Decision-Making in the Consultation

Overview

Participants discussed their decision-making process during
consultations and how they felt their clinical workflow aligned
with the 3-talk SDM model while being prompted by the
wireframe prototypes. The participants appreciated the 3-talk
SDM model for breaking the clinical decision-making process
into 3 core components:

...in general,...this is quite similar to what my
approach is in the clinic. [Participant P4 B C2]

...it’s interesting, and I appreciate this model...breaks
it into three pieces. [Participant P7 C C3]

...I like team, option, and decision...I hadn’t heard of
it, but it’s exactly how I structure my consultation.
[Participant P9 D C5]
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On the basis of their experience, participants highlighted that
they did not differentiate between the option talk and the
decision talk components:

I...in the real world, don’t differentiate between option
talk and decision talk. So, option talk and decision
talk, for me, is the same process. So, as I’m discussing
options...I don’t sit there and say here are all the
options. Now, let’s stop and have a discussion about
the decision. I blend those two conversations together.
[Participant P7 C C3]

Participants described how they collect information by talking
to their patients directly rather than having them fill out
responses to a list of questions in advance:

I’m actively, kind of, discussing what would be
involved in making a decision to go down this
pathway. What further information would be needed?
So, the implication for digital technology is that it’s
the same technology I use while discussing options.
I don’t sort of stop and say now, here’s another one
I prepared earlier. And let’s talk about it this way.
[Participant P7 C C3]

Some participants were concerned about patient privacy:

...in the waiting room, I’m not sure...I don’t know that
I can see an easy way to get personalized digital
information in the waiting room, in a safe way. I think
that...needs some human and clinical inputs...it could
be like a nurse coordinator, someone like that could
meet with the patient before going to the consultation.
So, there’s all those sorts of very personalized
differences. [Participant P9 D C5]

Another important step, in their view, is that the participants
noted that they plan activities before patients visit for their
consultations:

So firstly,...these patients would have been discussed
by the multidisciplinary team before they saw me with
the surgeons and medical oncologists,...and we would
have a plan of action from the MDT. [Participant P1
A C1]

After the multidisciplinary team planning discussions, the
participants described how they would discuss the situation with
the patient and involve other professionals in the patient model
of care:

So, we’ve looked at performance status, frailty, and
pulmonary function. We identified things that are
needed. We discussed that at the consultation and
asked the care coordinator to link up. [Participant P1
A C1]

The subthemes of decision-making in consultation include
gathering, interpreting, and sharing information through digital
and analogue communications.

Subtheme 1.1: Gathering, Interpreting, and Sharing
Information

Participants said that decision-making often occurred in
multidisciplinary team meetings without input from the patient:

...some of our decisions or, you know, consensus,
optimal decisions are also influenced by our MDT
meetings...in most MDT meetings, the patient is not
there....we think we are arriving at a decision that
can be communicated to patients, but often, it actually
doesn’t align with their preferences. [Participant P5
B C2]

When reflecting on the decision-making component of
consultations, participants noted that patient wants and
expectations at the point of care they were at were shaped by
their previous experiences along the way. Participants remarked
that some patients may be ready to decide after meeting with
the physician, while others may be hearing about their condition
for the first time and feel overwhelmed. The participants know
that this approach takes longer. Yet, they prefer having the
ability to understand the patient’s wishes better:

...there’s a huge variation in what patients want at
this point and what they expect, and it also probably
is not independent of what specialty you’re in and
how they’ve gotten to you. So, you know, for me, by
the time a patient’s gotten to me, they may well have
been through two or three specialists already. They’ve
got...cancer and, so sometimes, they’re already
primed. They’re ready to make a decision. Other
times, it’s the exact opposite, and this is the first time
they’ve heard they might have cancer. [Participant
P7 C C3]

I use the time when I’m talking to patients,
collecting...information to kind of just get to know the
person...it takes longer than if they fill in a list of
questions in advance and I’m just looking down the
list...I’m building a relationship. If I look at a
screen...that’s not the same as asking those questions
and, kind of, building a rapport with a patient.
[Participant P7 C C3]

Different approaches were described for different patient
situations and desires for information. Participants said that
some patients want to know their treatment plan, while others
seek detailed explanations of the decision-making process. The
preference for the type of clinical workflow in consultations
can also depend on the physician’s training, work style, and
personality:

They’ve got no idea what’s going on....it’s the
opposite conversation, where they absolutely need to
go away and think about it....and I think the things
you do to help them in those situations are somewhat
different. The first one, those people often already
have the information they need. The second one, they
absolutely don’t. [Participant P7 C C3]

Several important points related to patient care were covered
in the participants’ discussions. Participants highlighted the
challenges of bringing bad news to patients, the need for better
participation of patients in decision-making, and the importance
of documentation following decisions:

I see them at the start...usually, the person who sees
them earlier then has to break the bad news, and
then...all the referrals afterward...that’s where things
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fall apart a little bit...they’ll get discussed in
MDT...but sometimes that’s a little bit delayed.
Sometimes, the patient doesn’t always get the right
information. The right time is the other problem.
[Participant P8 C C4]

The reliability of clinical information sources was raised. It is
crucial to always refer to a trusted source of information:

...and look, the very important thing in clinical
medicine is you go to the primary source for the
information; you never make, you should never make
a significant clinical decision based on anything but
firsthand information. [Participant P9 D C5]

The value of having care coordinators share the patient care to
address patient needs and support them throughout their
treatment journey was emphasized:

...the need for a care coordinator to triage the
patient’s care needs, ...it’s helpful to have the prostate
care nurse who can talk to patients about the
radiation therapy and the surgery...they [the patients]
get time to make the decision about what they want.
We refer them to the men’s health physiotherapist as
well. [Participant P6 B C2]

Understanding the specific concerns of the patient is key. It is
important to begin the decision-making process with the
patient’s desired outcome and then work out the appropriate
care pathway:

...you need to work out the patient’s goals first...then
work backward from that... “Well, I think it isn’t
that…” “I definitely don’t want radiotherapy” or “I
definitely do want radiotherapy because my sister
had it. It was good.”…you might not get the decision
if the patient is still sort of weighing things up...the
decision is going to be informed by the goals. It’s
coming back to the quality of life versus the quantity
of life. [Participant P1 A C1]

The information gathering step is followed by reviewing the
patient’s results and interpreting the situation before the patient
arrives for their visit. One participant described this step as
follows:

...what I’m talking about is more around interpreting
patient results...like the pre-three-talk process...is
having the information available...when I prepare for
the clinic, I like to have an opportunity to read
everything in the pile, and everything is there...that
I’m not chasing stuff. So, I’ll usually look at my clinic
two days ahead of time and make...notes in
chronological order to try and figure out firstly
whether there is any missing information. Umm…then
ensuring that it’s adequately documented in a way
that is more meaningful to me. [Participant P2 B C1]

After interpreting the available information step, the participants
discussed how they communicated the medical information to
patients. They like the way visual aids, as suggested in the
wireframe prototypes, help them to clarify and make information
more understandable, improving patient understanding and

facilitating informed decision-making through effective
communication:

I find, you know, drawing diagrams and having
pictorial, sort of, explanations of things help...I think
it breaks through language barriers and
understanding of things. Anyway, I’m scrolling
through the images and going through the results
with the patient, pointing things out, simplifying
things, maybe drawing...handwritten...document...to
help explain things. [Participant P4 B C2]

Information and knowledge sharing was discussed in addition
to visual aids. Participants mentioned that they often explained
results using prognostic calculators that can assess life
expectancy, especially in older patients. One participant
explained how they discuss different options with patients to
help them make treatment decisions:

...in some lung cancer patients where there are some
poor prognostic factors, and even though they’ve got
technically localized disease that could be curable,
you might be a bit worried whether this patient can
get through six weeks of umm daily treatment. So,
sometimes, we do discuss more palliative
options...You give the options; you discuss the harms
and benefits of options...but I don’t...use the EMR
[electronic medical record] apart from the imaging
information....I do use...e-prognosis calculators to
calculate life expectancy, particularly in older
persons. [Participant P1 A C1]

The participants also discussed the idea of summarizing the
consultation decisions:

...you know, I appreciate that we don’t do it today,
but you could imagine a summarized transcript of the
consultation generated. [Participant P7 C C3]

Subtheme 1.2: Current Technology Used in the
Consultation
Some participants explained that they do not use digital
technology extensively in their consultation workflows. Digital
technology is only sometimes used to show patients their
medical images or to show images of medications. Videos have
been used, but the participants found them too slow. They
currently do not have interactive digital tools, but the technology
would be useful for discussing treatment options:

...in terms of the team talk, how do I use digital
technology at this point...mostly show people images,
...I show a lot of scans and X-rays. I usually find the
videos are a bit slow for the consultation,...the
patients get bored. [Participant P9 D C5]

Decision aids were discussed. Tools to help predict outcomes
of cancer treatments are available on the web for physicians to
calculate patients’ life expectancy and survival rates. Participants
described how they use the decision aids in practice:

...I use a predictive tool...I will plug the patient
numbers in and print them out for the patient. ...we
often use it before we see the patient...in medical
oncology, there’s one for adjuvant systemic therapy...
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“ ...without adjuvant chemotherapy, this is your 5 or
10-year survival or recurrence, and with...it’s...”
they’ll show the magnitude of benefit. Then, the
patient can decide. [Participant P1 A C1]

Information sharing was emphasized. Participants described
how they provide patients with information about advocacy and
treatment protocols and search the internet for basic information,
such as images, models, or videos. They share the information
they find with patients to educate them. These web-based
resources are then used to explain treatment procedures and
complex equipment operations, saving them time and effort.
The patients are then expected to be able to access and review
the same web-based information that they have been introduced
to and recommended when at home:

...radiation therapy is a technology that most people
don’t know anything about, ...they get confused....the
value of images, models, or video to actually just show
what a radiation linear accelerator machine is...you
don’t have to draw a picture of it. You don’t have to
waste time taking somebody around to look at the
machine...trusted website resources. [Participant P5
B C2]

I found myself doing a lot of...very basic Google
images search...the information can be so basic...I
think we get lost in explaining things. [Participant P3
B C1]

Theme 2: Barriers to Decision-Making
Two subthemes were identified under the barriers to
decision-making theme. The first subtheme, “information,
implementation, organizational challenges,” focuses on the
participants’ perceived challenges regarding access to and the
quality of information. The second subtheme, “current
technology drawbacks and lack of system integration,” deals
with the participants’ difficulties related to the limitations of
the EHRs and the lack of information integration.

Subtheme 2.1: Information, Implementation, and
Organizational Challenges
Participants pointed out challenges such as experiencing
difficulties when communicating with patients from different
cultures and non–English-speaking patients in communities.
They also mentioned challenges with patients’ lack of health
literacy:

...meeting patients of non-English backgrounds and
cultural and health literacy issues; uh, very
significant, and that's very hard together in a very
quick clinical environment. [Participant P2 B C1]

The involvement of the family and interpreters was also raised
as a challenging area due to the time needed to understand the
needs and priorities of the individuals:

...family care as support, and...the interpreter as well,

...can be part of the communication process, which
can either assist or umm or slow down dramatically
the process...It’s hard to think of a solution because
it takes time to talk to people and find out what’s
important to them. [Participant P5 B C2]

Gathering precise patient information during visits, as patients
often forget details, was expressed as a difficulty. Participants
noted the need to improve communication methods and
understand each patient’s needs:

There are even times when a patient has had a test
done, and it’s not until they’re, literally, sitting in the
clinic room before me, and I go, where did you have
this done? Sometimes, I have to ask them three
questions to clarify...Umm, it’s a common assumption
of the patients as well. “Don’t you have this
information?” And the answer is often no, I don’t.
[Participant P6 B C2]

Verifying the accuracy of the information patients provide can
be time-consuming, as one participant pointed out the following:

...patients come in...and say, oh yes, I had a scan.

...you spent 5 minutes searching all the
providers...then you Google where they live and what
radiology practice is in their town, and then you find
out they did have a scan, but it was an MRI of their
ankle. It wasn’t actually their chest, but they don’t
remember. [Participant P9 D C5]

Subtheme 2.2: Current Technology Drawbacks and Lack
of System Integration
Manual processing of information and uploading data into the
EHRs is problematic for physicians, especially under time
pressure:

At the moment, when we upload imaging, it’s not the
actual images themselves,...to, just, get the image in,
I take a screenshot and paste it into a document in
the EMR, or I am literally, highlighting and copying
the text from the report and pasting it in,...when you
are time-pressured, that’s just how you get it done.
[Participant P6 B C2]

Obtaining and merging data from various sources presents
additional challenges to physicians. Especially the lack of
integration among older information systems for data sharing
was considered a drawback. This situation caused difficulties
in accessing different systems for decision-making tasks:

...needing multiple passwords in multiple different
information systems or not having access to all the
patient results. ...unfortunately, most hospitals,
including ours, rely so much on a technology called
fax. [Participant P2 B C1]

The participants said the systems could not provide integrated
results even when patients had medical tests conducted in public
hospitals:

There are already difficulties in accessing scans and
results...done even in other public hospitals...patients
have blood tests done by multiple providers. Imaging
from multiple different providers. [Participant P6 B
C2]

Besides the lack of system integration, 1 participant pointed out
that their hospital does not have full access to the facilities of
EHRs:
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I sit in a hospital that does not use an EMR or has a
partial EMR. So, the medical notes don’t go, for the
most part into an EMR, it does in the oncology clinics,
but that’s not where I work anymore. So, we mostly
write on paper in the private clinic. I use my own
digital interface and I’m always zooming around to
different portals, external radiology, different
pathology providers, et cetera. [Participant P9 D C5]

Poor wireless digital communication network connectivity was
also mentioned as another drawback:

...it's again getting onto another website, potentially
getting password...Terrible Wi-Fi in most cancer
centers...I think that is a big barrier. [Participant P5
B C2]

Theme 3: Leveraging New Technologies to Improve
Decision-Making Processes
The theme “leveraging new technologies to improve
decision-making processes” encompasses the following
subthemes: (1) participants’ interest in implementing potential
improvements to advance the design of EHR systems; (2)
making data more accessible and understandable by
streamlining, centralizing, and communicating information for
collaborative decision-making; and (3) helping to share evidence
data and decisions with patients’ care team members outside
consultations, as well as analyzing patients’data using artificial
intelligence (AI) and mobile technologies.

Subtheme 3.1: Potential Advancements in the Design of
EHR Systems
Participants expressed their interest in improving the design of
the EHRs. They highlighted the need for improved access to
laboratory diagnostic test results and recommended
automatically providing reliable medical information from
different systems:

...if there was some magic like a digital resource that
could do all of that detection for me and link me to
multiple different providers and go to clinical
labs...and pull it all in, I would love it...If it was as
good as me, it would be transformative. But you’d
have to really be sure and be able to trust it...and
then...the reliability of information. [Participant P9
D C5]

There is interest in decision-making tools to help patients make
treatment decisions. Participants said they do not need additional
electronic devices to replace what they already have. They want
decision-making tools to help patients choose their preferred
treatments according to their desires and goals, especially when
treatment options are risky:

...some, sort of decision tool may help in those
situations where radiotherapy is high risk or trying
to help people decide about quality versus
the longevity of life or some sort of tool where
you...answer to some questions...“quality of life is
more important to me or length of life is more
important” ...it would be good to have a tool where
you can...help guide the patients to...their

priorities...and...help the decision-making...I don’t
want any extra devices. I’d do it on the computer and
then, maybe, print it out for the patient rather than
an iPad type stuff. [Participant P1 A C1]

Subtheme 3.2: Streamlining and Centralizing
Information for Decision-Making
Centralizing and systematically organizing medical information
to make it more accessible and easier to interpret is important
to some participants. These participants were interested and
emphasized that providing the right information to the physician
at the point of care would help:

...one thing I found very helpful is the centralization
of information. ...things like scans, test results from
clinics or centers outside of the...health
system...something that aggregates that information
into...something to sort of centralized or funnel
information to us...having patient information
presented in a way where...making things more
centralized, it would be helpful to us. [Participant P3
B C1]

Other participants stressed the importance of obtaining
comprehensive patient information before the consultation:

...I guess what I’m talking about is more around
interpreting patient results, which is
almost...preempted to the whole three-talk process,
really...is having the information available.
[Participant P5 B C2]

The introduction of a patient portal for sharing information with
patients is seen as a benefit. This would enhance physicians’
ability to maintain communication with patients outside of
consultations as they consider treatment options:

...if there’s a patient portal, they can log in and see
things, that could be nice. ...if I could say to them...
“I’ve put all these in...I’ve put in the options...when
you go home, you can log into your patient portal...”
I could even imagine they could post some questions.
[Participant P9 D C5]

Subtheme 3.3: Using AI and Mobile Technologies to Aid
Decision-Making
The potential use of generative AI was discussed to streamline
medical documentation and improve patient care. Participants
suggested using basic AI to generate patient reports that can be
shared with medical colleagues:

...information can be more easily extractable...we use
very basic artificial intelligence in our practice where
we can generate a patient report, for example, where
we pull information from different parts of...and
combine it with text that we put in the record and that
then goes to the general practitioner. So, I can do a
treatment summary on a radiotherapy patient in about
a minute, and I only have to type a line or two, and
yet, a complex report goes back to the general
practitioner, and we do that in medical oncology as
well. [Participant P2 B C1]
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However, one other participant disliked the idea of using AI for
report writing:

Wouldn’t use it. I write better than generative AI. I
think the kind of language that generative AI produces
is boring and opaque, and I’m better than that. So, I
wouldn’t do it yet. [Participant P9 D C5]

Discussion

Key Findings
This research examined how health care professionals in Sydney
use digital technology to support SDM during oncology
consultations. It sought to understand the difficulties they
encounter when using technology for SDM and explore potential
developments of new technologies that could improve the
implementation of SDM in clinical oncology settings. First, the
findings of this study emphasize the critical need for oncologists
to consolidate health information from patients with cancer to
facilitate SDM in oncology consultations. The results also
highlight a significant misalignment between the current
operations of existing EHRs and the clinical practice workflow
in oncology clinics to help clinicians follow the SDM process.
Second, the study draws attention to the challenges of access
to information due to outdated technologies and communication
barriers due to language and the lack of knowledge of the patient
about health. Nevertheless, the study participants were interested
in developing new technologies that could streamline access to
health information and automate administrative processes, thus
supporting SDM and ultimately improving the delivery of cancer
care.

Current Use of Technology to Support SDM in
Oncology Consultations
The study participants stressed the importance of consolidating
medical information to improve decision-making in oncology
consultations. Studies in similar data-driven cancer care
management reinforce these findings of the investigation [31].
Similar to other studies on cancer care, participants in this
research study have emphasized the critical role that information
and data play in driving SDM processes and improving health
service outcomes [18]. As digital technologies transform the
health care sector, cancer care is also being transformed [32].

Discussions between health care professionals during the study
addressed the 3 key components of the SDM model: team talk,
option talk, and decision talk [21]. The prototyped EHRs used
to investigate the feasibility of supporting SDM with EHRs
demonstrated that some components of the SDM model of care,
such as option talk, could be implemented to match established
oncology consultation practices and workflows where patients
and oncologists usually discuss treatment options. However,
the phase sequence of the SDM model did not fit fully into the
typical consultation procedures or workflow patterns of the
study participants. The health care professionals who
participated in this study appreciated the SDM model but stated
that, in their routine clinical practice, they frequently combined
option and decision discussions. This means that EHRs must
be flexible to support cancer care workflows to accommodate
the iterative nature of the oncology decision-making process.

Study participants highlighted the importance of direct patient
communication to foster relationships and ensure complete
information collection before choosing treatments or health care
options. Previous research in this area has also emphasized the
importance of the relationship and communication between
oncologists and patients beyond consultation visits in cancer
care management [33]. Several study participants have pointed
out that a key to the successful implementation of SDM is the
integration of digital systems and EHRs, ensuring accessibility
to digital information when needed at the correct point of care
for the right patient. However, some participants have also stated
that they do not use their digital systems or EHRs extensively
to support patient discussions. They may use only part of the
system to show diagnostic images to share information with the
patient. Other participants use EHRs only to look up patient
results or document consultations.

Future Use of Technology to Support SDM in Oncology
Consultations
Cancer treatment is based on data, involves multiple disciplines,
is a lifelong process, and is increasingly dependent on the
smooth digital exchange of clinical information [34]. In this
study, the participants identified several key obstacles to SDM
in their clinical oncology settings related to access to
information, implementation, organization, and limitations of
current technology, specifically EHRs. In addition, the
participants mentioned communication challenges due to
language barriers, emotions, comprehension, low health literacy,
participation of patients, difficulties in accessing and integrating
patient data, lack of information that often leads to poor data
quality and inefficient processes, time pressure, and lack of
privacy. Similar barriers have been reported by Steenbergen et
al [35]. The participants informed the research about the absence
of integrated systems and their continued dependence on
outdated technologies in their clinical settings, which hinders
information exchange between cancer care facilities.
Furthermore, during the investigation, some health care
professionals who participated in the study described that their
hospitals do not have comprehensive EHRs, leading to a greater
dependence on paper records and personal digital interfaces.
Researchers in Canadian health systems have also reported on
clinician experiences with outdated, ineffective, or inefficient
technologies that do not fit their clinical workflows [36].
Therefore, the implementation of better information and
communication technologies could eliminate some technological
barriers and improve the overall efficiency of cancer care
provided by oncologists.

During the study, health care professionals said that they use
the information from the EHRs to help in their decision-making
process to treat cancer. They focused on integrating digital
resources to improve efficiency and support patient care.
However, integrating quality health data remains challenging
due to the lack of guaranteed interoperability, even between
EHRs from the same vendor, as reported in a previous study in
the United States [37], although the requirement to improve
interoperability among digital health systems was legislated in
the United States in 2016 [38], and the Fast Healthcare
Interoperability Resources specifications were approved by the
Health Level 7 International in August 2019 [39]. In June 2024,
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the Canadian government introduced Bill C-72, which requires
health IT systems to be interoperable [40]. Therefore, the stated
goal of the health care professionals, which is to be able to
securely access all the health information of their patients in
integrated EHRs, is expected to be achieved in Canada in the
future [40]. Therefore, future EHRs in the North American
health care systems, designed to make health care information
more accessible and transparent to patients and the health care
team [41], are expected to be available to provide oncologists
with critical cancer care data needed to support the SDM process
in oncology consultations.

Furthermore, the study participants were interested in the
potential benefits of an integrated web-based portal driven by
clinical information designed to simplify access to data from
private laboratory tests and automate various clinical
documentation processes, such as generating interclinician
letters and managing patient diagnostic test results. Petrovskaya
et al [42] performed an evaluation of web-based patient portals
and emphasized the elements that the study participants seek
to help improve patient participation in SDM. The researchers
stated that the patient portal is connected to the EHRs of health
organizations, providing patients with functionalities such as
secure and convenient access to medication lists and the ability
to arrange and verify appointment availability and communicate
with their health care team securely through SMS text
messaging, in addition to access to their laboratory test results
[42]. However, in a recent patient portal implementation
initiative, Grewal et al [43] found that there are technical
challenges in enrolling patients to use the patient portal, but
involving nurses in the patient education and enrollment process
is a promising approach and reinforces the value of
multidisciplinary methods in improving patient care.

During the study, the participants explored the concept of a
patient web-based portal that can consolidate health information
from multidisciplinary treatment journeys. They emphasized
the need for sophistication and proper allocation of resources.
The participants envision a web-based portal where patients can
access information about care options, ask questions, and review
details such as their therapeutic plans and preferences. They
believe that this would lead to more streamlined communication,
better decision-making, and automation that uses AI capabilities.
They perceive that AI innovations could help reduce the double
handling of information and miscommunication, as well as
prevent patients from falling through the cracks in their care.
However, trust in AI systems and the data provided emerged
as a significant concern among some participants. In an article
on digital transformation in cancer care, Papachristou et al [32]
emphasized that ensuring the safety, accuracy, and ethical
application of data-driven interventions requires building trust
among health care professionals, patients, family members,
caregivers, and other stakeholders. Nevertheless, integrating AI
into the cancer management workflow has been shown to
transform individual treatment planning by accurately predicting
responses of patients with cancer to different therapies [44].

Efforts to improve EHRs for better cancer care management
are ongoing around the world. Two international workshops
focused on technology in cancer care management were held
in 2019 and 2020 in Europe [31] and one in 2022 in the United

States [38]. These workshops addressed SDM processes, data
integration and management, analytics, EHRs, and AI-based
clinical decision-making [31,38]. While significant progress
has been made in implementing EHRs in public hospitals in
Sydney for cancer care [15,45], the full potential of EHRs to
consistently improve cancer care quality and patient outcomes
has not yet been fully realized [38,45]. Similar to the challenges
that the participants of this study encounter with poor EHR
usability, lack of fitness with clinical workflows, fragmented
data sources, and large amounts of data, researchers from other
health care jurisdictions have also described similar experiences
[31]. The participants suggested that in addition to using
technologies, nurses and other health care professionals could
also assist in patient engagement. These additional clinical
resources have skills, such as patient education and effective
communication, crucial to facilitating patient participation in
SDM during clinical oncology consultations and can help
improve patient outcomes [46]. The effectiveness of SDM is
maximized when health care professionals have experience,
strong relationships with patients, and sufficient time for
treatment discussions [35]. As reported by Steenbergen et al
[35], the exchange of knowledge and the efficient flow of health
information between clinicians and patients are essential to
facilitate SDM in oncology. Consequently, technological
opportunities are tailored to support human interactions [31,38].

Barriers to the effective digitalization of information in oncology
have been identified. However, continuous innovations and
technological improvements have helped minimize the effects
of several major barriers. Technological innovations such as
Health Level 7 Fast Healthcare Interoperability Resources [47],
the Minimal Common Oncology Data Elements [48], and the
Systematized Nomenclature of Medicine–Clinical Terms [49]
when combined with legislation, such as the Connected Care
for Canadians Act in Canada, make better access to health
information possible. Therefore, digital health data in oncology
can be shared across health care organizations in a more
standardized way that all stakeholders can understand.

Conversely, although AI technologies have been introduced in
oncology over numerous decades, a persistent distrust exists
toward the suggested technology. The level of trust in AI
systems influences the acceptance of these technologies.
Therefore, frameworks and guidelines have been suggested to
tackle the issues related to the reliability of AI-powered health
care systems, such as the FUTURE-AI framework, which
defines 6 requirements for trustworthy AI [50]. Accepting AI
systems in health care depends on ethical principles, trust
dynamics, and rigorous evaluation processes [51].

Tools and protocols are available globally to support SDM in
oncology consultations. For example, in the United States, tools
include Watson for Oncology [52] and the Adjuvant! Platform
[53]. In Australia, EVIQ chemotherapy protocols are available
nationally [54,55]. In the United Kingdom, the PREDICT tool
aids in breast cancer treatment decisions [56]. In Canada,
standards for SDM tools have been developed and are often
used as a reference by international researchers [57-59]. Despite
multiple trials, the integration of these tools and protocols into
practice remains nonroutine, and several programs, such as IBM
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Watson for Oncology, have failed to meet expectations [60].
These examples illustrate the ongoing challenges.

In summary, various oncology specialists and health care
professionals perceive the usefulness of technology in supporting
SDM in oncology consultations differently. A senior medical
oncologist preferred face-to-face conversations with patients.
In contrast, an anesthetic registrar preferred a high level of
computerization and welcomed the possibilities of driving health
care delivery with data. Other specialists, especially radiation
oncologists, did not see the need to use technology extensively
when helping patients make treatment decisions, as their
oncology specialization typically involves only one treatment
modality. However, they do want technology to accurately and
promptly share information provided by other health care
professionals. However, young health care professionals are
ready to adopt more digitalized medical practices. Most health
care professionals recognized the value of technology in
supporting access to information for consumers, thereby
facilitating informed decision-making.

Limitations and Future Research
The first limitation of the study was that only 9 health care
professionals were available to participate in the co-design
sessions. The second limitation was that no surgeon was
identified to potentially participate in the co-design sessions. It
is difficult for practicing physicians to allocate time for research
projects and to attend co-design sessions when they are already
working overtime and long hours providing patient care.
Therefore, physicians who participated in the study may not
have fully represented the larger oncology practice community.
Only their views and practices on SDM were collected. The
third limitation was that oncology consultation involves patients,
other oncology specialists, and other health care providers.
However, they were not invited to participate in this study due
to time constraints. Patients and other health care providers may
have provided different perspectives on their experience with
SDM and the use of digital technology.

A larger group of oncology specialists, including surgeons,
would have represented the larger oncology community and
provided more generalized views. Furthermore, patients who
have had oncological consultations would have provided their
views on decision-making processes, particularly SDM. To
mitigate the limitations of this study and obtain more
generalizable results, our approach should be replicated in future

studies with a larger and more diverse group of cancer health
care professionals. This diversity would include many specialty
dimensions, including surgeons and other health systems
specialists. Furthermore, similar future studies should include
patients who have experienced oncology consultations.

Conclusions
The findings of this study indicate that digital health
technologies can assist in SDM in oncology consultations. This
includes providing concise and consolidated information to
support decision-making, tools such as multimedia resources
to support patient understanding of cancer and treatments, and
patient access to information and data outside of the consultation
through tools such as patient portals. Emerging technologies,
such as generative AI, may assist SDM by consolidating and
personalizing information.

Nevertheless, care needs to be taken to ensure that technology
does not erode the development of rapport and trust between a
clinician and patient. Although EHRs and other systems are
continually improving, there are substantial barriers to realizing
the potential of technology to improve SDM, including the lack
of data integration between systems and integration of new tools
and resources into clinical workflows. However, continuous
technological innovations and government efforts through new
legislations are eliminating some of the digital system
integration and data interoperability difficulties.

In conclusion, the study shows that digital technology can
facilitate the exchange of information between independent
health care organizations and individual health care providers,
thus increasing the efficiency of oncology consultation
workflows. However, technology is only part of the support
needed for the complex human communication process in
oncology. Oncology consultation services need support from a
multidisciplinary cancer team, which includes other health care
professionals and the patient’s family. Health care professionals,
such as nurses, must educate and prepare patients for
consultations. Allied health professionals are often needed to
help with language difficulties. Only through an ecosystem that
is fully integrated, interoperable, and seamlessly fits in with the
human and social interactions of numerous stakeholders
involved in the care of a patient with cancer can the goals of
the person-centered model of care be achieved through the
implementation of SDM in cancer care.
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Abstract

Background: Health care system–wide outcomes from routine treatment with erlotinib and gefitinib are incompletely understood.

Objective: The aim of the study is to describe the effectiveness of erlotinib and gefitinib during the first decade of their routine
use for treating advanced epidermal growth factor receptor (EGFR) mutation-positive nonsquamous non–small cell lung cancer
in the entire cohort of patients treated in Aotearoa New Zealand.

Methods: Patients were identified, and data collated from national pharmaceutical dispensing, cancer registration, and mortality
registration electronic databases by deterministic data linkage using National Health Index numbers. Time-to-treatment
discontinuation and overall survival were measured from the date of first dispensing of erlotinib or gefitinib and analyzed by
Kaplan-Meier curves. Associations of treatment outcomes with baseline factors were evaluated using univariable and multivariable
Cox regressions.

Results: Overall, 752 patients were included who started treatment with erlotinib (n=418) or gefitinib (n=334) before October
2020. Median time-to-treatment discontinuation was 11.6 (95% CI 10.8‐12.4) months, and median overall survival was 20.1
(95% CI 18.1‐21.6) months. Shorter time-to-treatment discontinuation was independently associated with high socioeconomic
deprivation (hazard ratio [HR] 1.3, 95% CI 1.1‐1.5 compared to the New Zealand Index of Deprivation 1‐4 group), EGFR
L858R mutations (HR 1.3, 95% CI 1.1‐1.6 compared to exon 19 deletion), and distant disease at cancer diagnosis (HR 1.4, 95%
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CI 1.2‐1.7 compared to localized or regional disease). The same factors were independently associated with shorter overall
survival. Outcome estimates and predictors remained unchanged in sensitivity analyses.

Conclusions: Outcomes from routine treatment with erlotinib and gefitinib in New Zealand patients with advanced EGFR-mutant
nonsquamous non–small cell lung cancer are comparable with those reported in randomized trials and other health care system–wide
retrospective cohort studies. Socioeconomic status, EGFR mutation subtype, and disease extent at cancer diagnosis were independent
predictors of treatment outcomes in that setting.

Trial Registration: Australia New Zealand Clinical Trials Registry ACTRN12615000998549;
https://www.anzctr.org.au/Trial/Registration/TrialReview.aspx?id=368928&isReview=true

International Registered Report Identifier (IRRID): RR2-10.2196/51381

(JMIR Cancer 2025;11:e65118)   doi:10.2196/65118

KEYWORDS

non–small cell lung cancer; mutations; epidemiology; target therapy; retrospective cohort study

Introduction

Lung cancer is the most common cause of cancer death in the
world today [1]. Most clinical presentations of lung cancer are
nonsquamous non–small cell lung cancer (NSCLC) [2].
Epidermal growth factor receptor (EGFR)–mutant nonsquamous
NSCLC was the first type of lung cancer identified with an
oncogenic driver that could be directly targeted by drug
treatment [3-5].

The treatment of advanced EGFR-mutant nonsquamous NSCLC
has evolved rapidly following the results of randomized
controlled trials demonstrating improved progression-free
survival. Initial randomized controlled trials established the
superiority of first-generation EGFR kinase inhibitors, erlotinib
and gefitinib, over platinum-doublet chemotherapy [6-10].
Subsequent randomized controlled trials established the
superiority of second- and third-generation EGFR kinase
inhibitors, including afatinib, dacomitinib, osimertinib,
aumolertinib, and lazertinib, over those first-generation
inhibitors [11-15]. Other randomized controlled trials compared
erlotinib or gefitinib given alone or in combination with
bevacizumab, ramucirumab, or chemotherapy [16-20]. In the
15 aforementioned randomized controlled trials, a total of 2257
patients with advanced EGFR-mutant nonsquamous NSCLC
were allocated erlotinib or gefitinib monotherapy in control or
experimental treatment arms. In those erlotinib or gefitinib
monotherapy treatment arms, median progression-free survival
ranged from 8.0 to 13.3 months. These clinical trial data provide
a point of reference against which real-world studies of
outcomes from treatment with erlotinib or gefitinib can be
compared.

To fully understand outcomes from treatment with erlotinib and
gefitinib in the setting of routine care, large-scale observational
studies are required in addition to the extensive data already
available from randomized controlled trials. Randomized
controlled trials may have overestimated the benefits [21], and
underestimated the harms [22], associated with the routine use
of erlotinib and gefitinib. Compared to participants in
randomized controlled trials, patients presenting for routine
treatment with erlotinib or gefitinib are older, are of non-Asian
ethnicity, have more comorbidities, have poorer performance
status, and more often have brain metastasis. Randomized

controlled trials have not evaluated many factors potentially
impacting treatment outcomes, such as socioeconomic status.
To improve their generalizability and avoid bias, observational
studies of real-world outcomes from treatment with erlotinib
and gefitinib could include all patients treated within a whole
health care system or nation rather than being limited to those
from 1 or a few institutions. To aid comparisons to clinical trial
data, those observational studies could evaluate progression-free
survival or proxies of progression-free survival rather than just
overall survival, which is strongly influenced by factors other
than treatment with erlotinib or gefitinib.

Only since 2019 have large-scale nationwide or health care
system–wide studies reported real-world outcomes from routine
treatment with erlotinib and gefitinib in patients with advanced
EGFR-mutant NSCLC from Canada [23], the United States
[24], Taiwan [25,26], Poland [27], Finland [28], and the
Netherlands [29,30]. Among those aforementioned studies, 5
studies [24-28] reported progression-free survival or proxies of
progression-free survival, such as time-to-treatment failure. In
those 5 studies, median progression-free survival or its proxy
ranged from 9.7 to 13.1 months. These observational data
provide a point of reference against which other real-world
studies of outcomes from treatment with erlotinib or gefitinib
can be compared.

Starting in 2010, erlotinib and gefitinib were introduced into
routine use in Aotearoa New Zealand for treating advanced lung
cancer. The overall EGFR mutation positivity among patients
with nonsquamous NSCLC who were tested was 22.5% in New
Zealand [31]. To date, the effectiveness of erlotinib and gefitinib
in the general population of New Zealand patients with lung
cancer has not been described. With this background, this study
aimed to describe the effectiveness of erlotinib and gefitinib
during the first decade of their routine use for the treatment of
advanced EGFR-mutant nonsquamous NSCLC in the entire
cohort of patients treated in New Zealand. The study also aimed
to evaluate associations between baseline factors and the
effectiveness of erlotinib and gefitinib in this real-world setting.
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Methods

Study Design and Participants
This was a nationwide, population-based, observational,
data-linkage, retrospective cohort study that analyzed routinely
collected health and administrative electronic data. The study
group was a whole-of-population sample comprising a single
group of patients. Patients were eligible for inclusion if they (1)
were diagnosed with EGFR-mutant lung cancer, (2) dispensed
erlotinib or gefitinib first before October 1, 2020, and (3)
followed thereafter until death or for at least 1 year. Patients
were excluded from the study if they had (1) erlotinib dispensed
before January 1, 2014, or gefitinib dispensed before August 1,
2012, when positive EGFR mutation test results became
mandatory for state-subsidized treatment; (2) no notification of
a diagnosis of nonsquamous NSCLC in the New Zealand Cancer
Registry; or (3) an unactionable or unknown EGFR mutation
subtype.

Setting
From 2010 to 2020, New Zealand had a resident population
ranging from approximately 4.3 to 5.1 million people,
comprising predominately New Zealand European (70%), Māori
(17%), Asian (15%), and Pacific people (8%) [32] (the total
percent is greater than 100 because some people have more than
1 self-reported ethnicity). New Zealand residents were eligible
for state-funded health care, including state-subsidized
prescription medicines. Starting in 2010, the EGFR kinase
inhibitor drugs erlotinib and gefitinib were introduced into
routine clinical use in New Zealand for lung cancer treatment
[33]. From October 1, 2010, to December 31, 2013, erlotinib
was state-funded as a second-line treatment for advanced
NSCLC, initially without any requirement for EGFR mutation
testing. From August 1, 2012, gefitinib was state-funded as a
first-line treatment for advanced EGFR-mutant NSCLC in New
Zealand. On May 1, 2013, the National Health Committee of
the New Zealand Ministry of Health issued recommendations
for EGFR mutation testing in New Zealand, including testing
of all patients with nonsquamous NSCLC at diagnosis
irrespective of stage as part of standard pathology processes.
From January 1, 2014, state funding for erlotinib was restricted
to treating advanced EGFR-mutant NSCLC in New Zealand.
During the first decade of routine use of erlotinib and gefitinib
for lung cancer treatment in New Zealand, from 2010 to 2020,
no other EGFR kinase inhibitor drugs were state-funded for use
in New Zealand. During the period of study, treatment with
erlotinib or gefitinib was provided by 10 public hospitals, and
EGFR mutation testing was provided by 3 pathology laboratories
in New Zealand.

Ethical Considerations
Ethics approval for this study was obtained from the New
Zealand Government Ministry of Health Northern B Health and
Disability Ethics Committee (reference 13/NTB/165/AM02).
As the research retrospectively analyzed routinely collected
data and did not involve direct contact with patients, the
participants were not able or required to give informed consent
by the ethics committee or governance groups who approved
the study. The study used the identifiable data, which were

password-protected, stored on the secured University of
Auckland managed drive, and only accessible to the research
team. The study was registered (ACTRN12615000998549). A
study protocol and results of a validation substudy have been
published [34].

Data Sources
Patients were identified, and data collated from national
electronic pharmaceutical dispensing (Pharmaceutical
Information Database [PHARMs]), cancer registration (New
Zealand Cancer Registry), and mortality registration (National
Mortality Collection) databases. Individual-level data on eligible
cohort patients were compiled from these national electronic
health databases by deterministic data linkage using each
patient’s unique National Health Index number. Additional data
on eligible cohort patients were sourced from regional laboratory
test data repositories, databases, and clinical records to
determine the EGFR mutation status. A validation substudy
demonstrated the feasibility and validity of using these national
electronic health databases as the main source of data for this
study [34].

Outcomes
The primary effectiveness outcome for this analysis was
time-to-treatment discontinuation. Prescribing guidelines [35,36]
recommend continuing daily treatment with erlotinib or gefitinib
until disease progression, as long as treatment is safe and
tolerable. In an analysis of randomized clinical trials submitted
to the Food and Drug Administration, time-to-treatment
discontinuation correlated well (r=0.91) with progression-free
survival for patients with advanced EGFR-mutant NSCLC
treated with EGFR kinase inhibitor drugs [37].
Time-to-treatment discontinuation is also less affected by
subsequent cancer treatments and other factors that impact
overall survival. Time-to-treatment discontinuation thereby
reflects the duration of benefit from treatment with erlotinib or
gefitinib. Time-to-treatment discontinuation was defined as the
duration between the dates of the first dispensing and the last
treatment with erlotinib or gefitinib. The date of last treatment
with erlotinib or gefitinib was calculated by adding the number
of days erlotinib or gefitinib dispensed for at the last dispensing
to the date of the last dispensing, except when death occurred
before the calculated date of last treatment, in which case the
date of last treatment was the date of death. The secondary
effectiveness outcome for this analysis was overall survival,
defined as the duration between the date of first dispensing of
erlotinib or gefitinib and death from any cause. A validation
substudy had demonstrated the feasibility and validity of these
methodologies for determining the outcomes of this study [34].

Variables
Baseline variables used for patient characterization included
age, sex, ethnicity, geographical region of residence, smoking
status, performance status, diagnosis year, NSCLC morphology,
basis of NSCLC diagnosis, disease extent at cancer diagnosis,
socioeconomic deprivation, rurality, comorbidity, choice of
erlotinib or gefitinib for initial treatment, and EGFR mutation
subtype. Socioeconomic deprivation was determined by mapping
domicile codes recorded in the New Zealand Cancer Registry
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to the 2006 New Zealand Index of Deprivation and was
categorized into deciles with 1 being the least deprived and 10
being the most deprived [38]. Rurality was determined using
the same domicile codes applied to Statistics New Zealand’s
Urban/Rural profile [39]. Comorbidity was assessed using a
validated pharmacy-based comorbidity index for patients with
cancer [40], modified for this study as previously described
[34]. Ethnicity was classified into Asian, Māori, New Zealand
European, or Pacific, and prioritized ethnicity was used if a
registration listed multiple ethnicities (patients with more than
1 recorded ethnicity were allocated to a single ethnic group in
order of priority: Māori, Pacific, Asian, and New Zealand
European) [41]. EGFR mutation variants were classified
according to the system of Koopman et al [42] into the following
categories: (1) exon 19 deletion, (2) L858R, (3) uncommon
actionable variant, (4) exon 20 insertion, and (5) nonactionable
or unknown variant. Since EGFR mutation variant categories
(4) and (5) were unactionable with erlotinib or gefitinib, patients
with those variants were excluded from this study. A validation
substudy had demonstrated the feasibility and validity of the
methodologies used for determining the variables used for this
study [34].

Literature Search
For comparing the results from this study to those from
randomized controlled trials and other retrospective
observational studies, a literature search was undertaken using
a combination of the following MeSH terms: “carcinoma,
non-small-cell lung,” “ErbB receptors,” “erlotinib
hydrochloride,” “gefitinib,” “protein kinase inhibitors,” and
“mutation.” Observational studies were included in this
comparison if they were nationwide or health care system–wide
studies and reported progression-free survival, or a proxy of
progression-free survival, measured from the commencement
of treatment with erlotinib or gefitinib [24-28]. Institution-based
studies [43] and those not reporting progression-free survival
or a proxy of progression-free survival [23,29,30] were excluded
from these comparisons.

Statistical Analysis
Descriptive statistics were used to analyze the demographic
profile and baseline characteristics of the retrospective cohort.
Time-to-treatment discontinuation and overall survival were
analyzed by Kaplan-Meier curves, and survival differences
between subgroups were assessed using log-rank tests. Patients
with no known dates of last treatment or death were censored
at the date of last follow-up of dispensing (June 30, 2022) or
survival (May 7, 2022), respectively. To assess the robustness
of estimates of time-to-treatment discontinuation and overall
survival, sensitivity analyses were carried out in an expanded
study cohort (n=885) that included patients with no registration
of nonsquamous NSCLC and those with unknown or
nonactionable EGFR mutation subtypes, except those with exon
20 insertions. Associations between baseline factors and
time-to-treatment discontinuation or overall survival were
evaluated by univariable and multivariable Cox regression
models to compute hazard ratios and their 95% CIs and P values.
Baseline factors selected for univariable and multivariable

analyses included age, sex, disease morphology, disease extent,
EGFR mutation subtype, and initial choice of EGFR kinase
inhibitor drug, which had been identified as independent
predictors of outcomes in previous studies [44,45], and ethnicity,
comorbidity, socioeconomic deprivation, and residential status
(urban vs or rural, and region), which had not been previously
evaluated in the New Zealand patient population. There were
complete data for all those factors for all 752 cohort patients.
Smoking and Eastern Cooperative Oncology Group performance
status were excluded from the univariable and multivariable
analyses due to high levels of missing data (>50%). Missing
extent of disease at cancer diagnosis and ethnicity data were
included in univariable and multivariable analyses by adding
an unknown category for each of these variables comprising
<20% and <1% of patients, respectively. Otherwise, data were
complete for all other factors for all 752 patients. Factors were
selected for multivariable analyses if they had statistically
significant associations with the outcome of interest on
univariable analysis. To assess the robustness of the findings
of multivariable analyses, sensitivity analyses were carried out
using less stringent criteria for factor inclusion. Differences
were considered statistically significant when P values were
less than .05. Data analyses were performed using Stata (version
16; StataCorp LLC).

Results

The assembly of the retrospective cohort and compilation of
study data from national electronic health databases was carried
out as shown in Figure 1. From the PHARMs, 1336 patients
were identified who had been dispensed erlotinib or gefitinib
first between October 1, 2010, and September 30, 2020. A total
of 418 of those patients were excluded because they were first
dispensed erlotinib or gefitinib before positive EGFR mutation
test results became mandatory for access to state-subsidized
erlotinib or gefitinib in New Zealand, leaving 918 potentially
eligible patients. From the New Zealand Cancer Registry, 16,516
patients were identified with notifications of nonsquamous
NSCLC diagnoses made between January 1, 2010, and
December 30, 2020. Of the 918 potentially eligible patients, 63
did not have notifications of diagnoses of nonsquamous NSCLC
recorded in the New Zealand Cancer Registry and were
excluded, leaving 855 potentially eligible patients. Dates and
causes of death and hospitalizations and full dispensing
information for erlotinib, gefitinib, and concomitant medications
were compiled on those patients from the National Mortality
Collection, National Minimum Dataset (Hospital Events), and
PHARMs, respectively. EGFR mutation test results, smoking
status, and Eastern Cooperative Oncology Group performance
status were then compiled from regional laboratory test data
repositories, databases, and clinical records. Of 855 potentially
eligible patients, 103 patients had unactionable or unknown
EGFR mutation variants, including 33 patients with EGFR exon
20 insertions, and were excluded. Finally, 752 patients remained,
who had been diagnosed with EGFR-mutant nonsquamous
NSCLC with actionable EGFR mutation variants, and had
started treatment with erlotinib or gefitinib prior to October
2020 for inclusion in this study.
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Figure 1. CONSORT (Consolidated Standards of Reporting Trials) flow diagram of the assembly of the cohort and data collation. EGFR: epidermal
growth factor receptor.
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The baseline characteristics of the retrospective 752 patient
cohorts are shown in Table 1. Their mean age was 67 (SD 12)
years, and 67% (n=504) were female. About one-quarter were
Asian, half New Zealand European, one-quarter Pacific or
Māori, and 1.1% (n=8) had other or unknown ethnicity. Most
had adenocarcinoma and EGFR exon 19 deletions or L858R

mutations. The extent of disease at cancer diagnosis was
available for only 604 (80.3%) patients, most of whom had
distant disease at cancer diagnosis. Smoking status was available
for only 301 (40.1%) patients, most of whom were nonsmokers.
Performance status was available for only 273 (36.6%) patients,
most of whom had limited performance status.
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Table . Patient characteristics (N=752).

Values, n (%)

Age (years)a

318 (42.3)<65

434 (57.7)65+

Sex

248 (33)Male

504 (67)Female

Ethnicity

190 (25.3)Asian

73 (9.7)Māori

392 (52.1)New Zealand European

89 (11.8)Pacific

8 (1.1)Other and unknown

Region

355 (47.2)Northern

103 (13.7)Midland

294 (39.1)Others

Smoking

108 (14.4)Ex-smoker

160 (21.3)Nonsmoker

33 (4.4)Current smoker

451 (59.9)Unknown

ECOGb performance status

124 (16.5)Fully active (0)

151 (20.1)Limited (1-4)

477 (63.4)Unknown

Diagnosis year

120 (16)2010‐2013

285 (37.9)2014‐2016

347 (46.1)2017‐2020

Morphology

662 (88)Adenocarcinoma

90 (12)Unspecified and other

Basis of diagnosis

459 (61)Histology

275 (36.6)Cytology

18 (2.4)Other

Extent

136 (18.1)Localized or regional

468 (62.2)Distant

148 (19.7)Unknown

Deprivation
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Values, n (%)

305 (40.6)NZDepc 1‐4

218 (29)NZDep 5‐7

229 (30.5)NZDep 8‐10

Rurality

652 (86.7)Urban

100 (13.3)Rural

Comorbidity

190 (25.3)No

562 (74.7)Yes

EGFRd type

424 (56.4)Exon 19 del

256 (34)Exon 21 L858R

72 (9.6)Uncommon or actionable

EGFR-TKIe

334 (44.4)Gefitinib

418 (55.6)Erlotinib

aMean age 67 (SD 12, range 24‐92) years.
bECOG: Eastern Cooperative Oncology Group.
cNZDep: New Zealand Index of Deprivation.
dEGFR: epidermal growth factor receptor.
eTKI: tyrosine kinase inhibitor.

At the date of the last dispensing follow-up (June 30, 2022),
treatment with erlotinib and gefitinib had been discontinued in
724 (96.3%) patients and was continuing in 28 (3.7%) patients.
Treatment was discontinued prior to death in 618 patients and
at the time of death in 103 patients. Median time-to-treatment
discontinuation was 11.6 (95% CI 10.8-12.4) months. The 1-,
2-, and 5-year rates of treatment continuation were 47.3% (95%
CI 34.7%-50.9%), 17.4% (95% CI 14%-20.2%), and 3.4% (95%
CI 2.2%-5.1%), respectively. Sensitivity analysis in an expanded
study cohort (n=885) gave similar results for median
time-to-treatment discontinuation (11.1, 95% CI 10.1-11.8
months). Univariable analysis (Table 2) showed that shorter
time-to-treatment discontinuation was associated with

socioeconomic deprivation, EGFR L858R mutations, distant
disease at cancer diagnosis, and adenocarcinoma morphology.
The initial choice of EGFR kinase inhibitor (erlotinib or
gefitinib), age, sex, ethnicity, geographical region, year of
diagnosis, basis of diagnosis, rurality, and comorbidity were
not associated with time-to-treatment discontinuation on
univariable analysis. Multivariable analysis showed that shorter
time-to-treatment discontinuation was independently associated
with socioeconomic deprivation, EGFR L858R mutations, and
distant disease at cancer diagnosis (Table 2). Sensitivity analyses
using less stringent criteria for factor inclusion identified the
same independent predictors of time-to-treatment
discontinuation (Table S3 in Multimedia Appendix 1).
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Table . Univariable and multivariable analysis of time-to-treatment discontinuation.

Multivariable analysisUnivariable analysis

P valueHR (95% CI)P valueHRa (95% CI)

EGFRb-TKIc

——d.071.1 (1.0‐1.3)Gefitinib

———1.0 (—)Erlotinib

Age (years)

——.631.0 (0.9‐1.2)<65

———1.0 (—)65+

Sex

——.741.0 (0.8‐1.1)Male

———1.0 (—)Female

Ethnicity

——.140.9 (0.7‐1.0)Asian

——.371.1 (0.9‐1.4)Māori

———1.0 (—)New Zealand European

——.761.0 (0.8‐1.2)Pacific

——.580.8 (0.4‐1.7)Other and unknown

Region

———1.0 (—)Northern

——.451.1 (0.9‐1.4)Midland

——.951.0 (0.9‐1.2)Others

Diagnosis year

——.921.0 (0.8‐1.2)2010‐2013

——.170.9 (0.8‐1.1)2014‐2016

———1.0 (—)2017‐2020

Morphology

—1.0 (—)—1.0 (—)Adenocarcinoma

.250.9 (0.7‐1.1).040.8 (0.6‐1.0)Unspecified and other

Basis of diagnosis

———1.0 (—)Histology

——.291.1 (0.9‐1.3)Cytology

——.580.9 (0.5‐1.4)Other

Extent

—1.0 (—)—1.0 (—)Localized or regional

.0011.4 (1.2‐1.7)<.0011.5 (1.2‐1.8)Distant

.330.9 (0.7‐1.1).380.9 (0.7‐1.1)Unknown

Deprivation

—1.0 (—)—1.0 (—)NZDepe 1‐4

.061.2 (1.0‐1.4).021.2 (1.0‐1.5)NZDep 5‐7

.0051.3 (1.1‐1.5).0041.3 (1.1‐1.6)NZDep 8‐10

Rurality

———1.0 (—)Urban
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Multivariable analysisUnivariable analysis

P valueHR (95% CI)P valueHRa (95% CI)

——.391.1 (0.9‐1.4)Rural

Comorbidity

——.111.2 (1.0‐1.4)No

———1.0 (—)Yes

EGFR type

—1.0 (—)—1.0 (—)Exon 19 deletion

<.0011.3 (1.1‐1.6).0011.3 (1.1‐1.5)Exon 21 L858R

.071.3 (1.0‐1.6).171.2 (0.9‐1.6)Uncommon or action-
able

aHR: hazard ratio.
bEGFR: epidermal growth factor receptor.
cTKI: tyrosine kinase inhibitor.
dNot applicable.
eNZDep: New Zealand Index of Deprivation.

At the date of last survival follow-up (May 7, 2022), 614
(81.6%) patients had died, and 138 (18.4%) patients were alive.
Median overall survival was 20.1 (95% CI 18.1-21.6) months.
The 1-, 2-, and 5-year overall survival rates were 69.2% (95%
CI 65.8%-72.4%), 43% (95% CI 37.4%-43.5%), and 13.9%
(95% CI 11.2%-17%), respectively. Sensitivity analysis in an
expanded study cohort (n=885) gave similar results for median
overall survival (19.4, 95% CI 17.8-21.2 months). Univariable
analysis (Table 3) showed shorter overall survival in association
with socioeconomic deprivation, EGFR L858R mutations,
distant disease at cancer diagnosis, initial choice of EGFR kinase
inhibitor of gefitinib (vsversus erlotinib), age >65 years,

non-Asian ethnicity, residence outside the Northern or Midlands
regions, and adenocarcinoma morphology. Sex, diagnosis year,
basis of diagnosis, rurality, and comorbidity were not associated
with overall survival on univariable analysis. Multivariable
analysis showed that shorter overall survival was independently
associated with socioeconomic deprivation, EGFR L858R
mutations, distant disease at cancer diagnosis, and non-Asian
or non-Pacific ethnicities (Table 3). Sensitivity analyses using
less stringent criteria for factor inclusion identified the same
independent predictors of overall survival (Table S4 in
Multimedia Appendix 1).
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Table . Univariable and multivariable analysis of overall survival.

Multivariable analysisUnivariable analysis

P valueHR (95% CI)P valueHRa (95% CI)

EGFRb-TKIc

.101.2 (1.0‐1.4).021.2 (1.0‐1.4)Gefitinib

—1.0 (—)—1.0 (—d)Erlotinib

Age (years)

.140.9 (0.7‐1.0).0480.9 (0.7‐1.0)<65

—1.0 (—)—1.0 (—)65+

Sex

——.481.1 (0.9‐1.3)Male

———1.0 (—)Female

Ethnicity

<.0010.7 (0.6‐0.9)<.0010.7 (0.5‐0.8)Asian

.051.3 (1.0‐1.7).261.2 (0.9‐1.5)Māori

—1.0 (—)—1.0 (—)New Zealand European

.0460.8 (0.6‐1.0).060.8 (0.6‐1.0)Pacific

.160.5 (0.2‐1.3).150.5 (0.2‐1.3)Other and unknown

Region

—1.0 (—)—1.0 (—)Northern

.571.1 (0.8‐1.4).181.2 (0.9‐1.5)Midland

.061.2 (1.0‐1.5)<.0011.4 (1.1‐1.6)Others

Diagnosis year

——.241.2 (0.9‐1.4)2010‐2013

——.821.0 (0.8‐1.2)2014‐2016

———1.0 (—)2017‐2020

Morphology

—1.0 (—)—1.0 (—)Adenocarcinoma

.40.9 (0.7‐1.2).020.7 (0.6‐1.0)Unspecified and other

Basis of diagnosis

———1.0 (—)Histology

——.411.1 (0.9‐1.3)Cytology

——.161.4 (0.9‐2.3)Other

Extent

—1.0 (—)—1.0 (—)Localized or regional

<.0011.8 (1.4‐2.2)<.0011.7 (1.4‐2.2)Distant

.821.0 (0.7‐1.3).981.0 (0.8‐1.3)Unknown

Deprivation

—1.0 (—)—1.0 (—)NZDepe 1‐4

.0061.3 (1.1‐1.6).0011.4 (1.2‐1.7)NZDep 5‐7

.0041.4 (1.1‐1.7).0011.4 (1.1‐1.7)NZDep 8‐10

Rurality

———1.0 (—)Urban
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Multivariable analysisUnivariable analysis

P valueHR (95% CI)P valueHRa (95% CI)

——.111.2 (1.0‐1.5)Rural

Comorbidity

——.671.0 (0.9‐1.3)No

———1.0 (—)Yes

EGFR type

—1.0—1.0 (—)Exon 19 deletion

<.0011.5 (1.2‐1.7)<.0011.4 (1.2‐1.6)Exon 21 L858R

.181.2 (0.9‐1.6).091.3 (1.0‐1.7)Uncommon or action-
able

aHR: hazard ratio.
bEGFR: epidermal growth factor receptor.
cTKI: tyrosine kinase inhibitor.
dNot applicable.
eNZDep: New Zealand Index of Deprivation.

For the purpose of comparison of the results from this study to
the existing literature, our literature search identified 15
randomized controlled trials and 5 nationwide or health care
system–wide retrospective observational studies. These
randomized controlled trials showed that the median
progression-free survival for erlotinib and gefitinib monotherapy
treatment arms ranged from 8.0 to 13.3 months (Table S1 in
Multimedia Appendix 1). The retrospective observational studies
showed that the median progression-free survival, or its proxy,
ranged from 9.7 to 13.1 months, and the median overall survival
ranged from 17.5 to 23.9 months (Table S2 in Multimedia
Appendix 1). Our study reports the results following the
RECORD (Reporting of Studies Conducted Using Observational
Routinely-Collected Health Data) statement checklist (Table
S5 in Multimedia Appendix 1).

Discussion

Principal Findings and Comparison to Prior Work
The outcomes from treatment with erlotinib and gefitinib in this
study of 752 patients with advanced EGFR-mutant nonsquamous
NSCLC, treated between 2010 and 2020 in New Zealand,
corresponded with those reported in randomized controlled
trials and in other large-scale health care system–wide
retrospective cohort analyses. The median time-to-treatment
discontinuation of 11.6 months found in this study paralleled
the median progression-free survival values reported for erlotinib
and gefitinib monotherapy treatment arms of 15 randomized
controlled trials [6-20], which ranged from 8.0 to 13.3 months
(Table S1 in Multimedia Appendix 1). It also paralleled the
median progression-free survival values, or its proxy, reported
in other nationwide or health care system–wide observational
studies of similar patient groups from elsewhere [24-28] (range
of median progression-free survival or proxy 9.7 to 13.1 months;
Table S2 in Multimedia Appendix 1). The median overall
survival of 20.1 months found in this study was also within the
range reported in other nationwide or health care system–wide
observational studies of similar patient groups [24-28] (range

of median overall survival 17.5 to 23.9 months; Table S2 in
Multimedia Appendix 1). In this way, this retrospective study
has confirmed that the therapeutic benefits expected from
erlotinib and gefitinib had been conveyed into the setting of
routine care in New Zealand.

EGFR mutation subtype was an independent predictor of
outcomes from treatment with erlotinib and gefitinib in this
study. Study patients were stratified according to whether their
tumors had exon 19 deletions (56%), L858R mutations (34%),
or other actionable EGFR mutations (10%). Compared to those
with exon 19 deletions, study patients with L858R mutations
had 30% and 50% increased risks of treatment discontinuation
and death, respectively, after commencing treatment with
erlotinib or gefitinib. This finding is consistent with those of
previous studies exploring outcomes from erlotinib or gefitinib
in similar patient groups [45]. EGFR mutation subtype may
have impacted upon treatment outcomes in this study via the
higher pharmacological potency of erlotinib and gefitinib for
inhibiting exon 19 deletion EGFR oncoproteins compared to
those associated with L858R or other EGFR mutations [46,47].

Socioeconomic deprivation was an independent predictor of
outcomes from treatment with erlotinib and gefitinib in this
study. Study patients were stratified into groups with low (41%),
intermediate (29%), or high socioeconomic deprivation (30%)
based on their residential area. Compared to the study patients
from high socioeconomic areas, those from low socioeconomic
areas had 30% and 50%, and those from intermediate
socioeconomic areas had 20% and 30%, increased risks of
treatment discontinuation and death, respectively, after
commencing treatment with erlotinib or gefitinib. People from
low socioeconomic areas are known to have poorer outcomes
from lung cancer due to more limited access to screening and
diagnostic services that lead to delayed diagnoses and more
advanced disease at presentation [48]. However, few previous
studies have evaluated the impacts of socioeconomic deprivation
on outcomes from treatment with erlotinib, gefitinib, or other
systemic anticancer therapies in patients with EGFR-mutant or
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other forms of advanced lung cancer. A pooled analysis of
SWOG Cancer Research Network clinical trials showed
significant associations between socioeconomic deprivation
and lower progression-free survival, including in a subgroup of
1307 patients with stage IV NSCLC treated with various
platinum-based chemotherapy regimens in randomized clinical
trials [49]. Socioeconomic deprivation may have impacted
treatment outcomes in this study by limiting access to health
care during treatment with erlotinib and gefitinib, directly via
other yet to be defined mechanisms or indirectly through
correlated predictive factors not accounted for in the
multivariable analyses, such as smoking and performance status.
Future studies should more closely evaluate the impacts of
socioeconomic deprivation on outcomes from the treatment of
advanced lung cancer.

Disease extent at cancer diagnosis was an independent predictor
of outcomes of treatment with erlotinib and gefitinib in this
study. Study patients were stratified according to whether they
had localized or regional (18%), distant (62%), or unknown
extent of disease (20%) at the time of notification of their
diagnosis of nonsquamous NSCLC to the New Zealand Cancer
Registry. Compared to those with localized or regional disease
extent, study patients with distant disease at diagnosis had 40%
and 80% increased risks of treatment discontinuation and death,
respectively, after commencing treatment with erlotinib or
gefitinib. This finding was consistent with previous studies
demonstrating the negative impacts of distant metastasis on
outcomes from treatment with erlotinib and gefitinib in similar
patient groups [44].

Ethnicity was an independent predictor of overall survival, but
not of time-to-treatment discontinuation, in this study. Study
patients were categorized as Asian (25%), Māori (10%), New
Zealand European (52%), Pacific (12%), or unknown or other
ethnicity (1%). Time-to-treatment discontinuation was
unchanged among these different ethnic groups when compared
to New Zealand European group. However, the risk of death
was reduced by 20% and 30%, respectively, in the Pacific and
Asian groups but unchanged in the other groups compared to

New Zealand European. Overall survival may have been
impacted by ethnicity in this study independently of the
effectiveness of treatment with erlotinib or gefitinib. Ethnicity
may have impacted overall survival indirectly through correlated
factors, such as smoking status, that vary between ethnic groups
and influence the risk of death [50].

Strengths and Limitations
The strengths of this study include its large population-based
sample, internal validity, national generalizability, and unique
patient cohort. Only 4 similar analyses [25-28] have included
all patients treated in an entire country as far as we are aware.
Limitations of the study include those inherent in retrospective
study designs or in the use of routinely collected data. The
variables available for analysis were limited to those collected
routinely during pharmaceutical dispensing and cancer and
mortality registration. Some important variables were
unavailable or incomplete, such as smoking status, performance
status, and clinical stage of disease at the time of commencing
treatment with erlotinib and gefitinib, and therefore could not
be included in the multivariable analysis. Socioeconomic
deprivation was determined by residential area rather than at
an individual level, which may have introduced bias. The study
did not evaluate the impact of treatments other than erlotinib
and gefitinib, which may have influenced overall survival.
Safety outcomes were not included in this analysis but will be
the subject of subsequent reports.

Conclusions
Outcomes from treatment with erlotinib and gefitinib in this
New Zealand cohort of patients with advanced EGFR-mutant
nonsquamous NSCLC were comparable to those reported in
randomized controlled trials and other large-scale health care
system–wide retrospective cohort studies. This nationwide study
thereby demonstrated that the therapeutic benefits expected
from erlotinib and gefitinib had been achieved in the setting of
routine care in New Zealand. In that setting, socioeconomic
status, EGFR mutation subtype, and disease extent at cancer
diagnosis were independent predictors of treatment outcomes.

 

Acknowledgments
The authors thank the patients and their families for contributing to this study. This study has been funded by the Health Research
Council of New Zealand project (grant 19-450).

Data Availability
The datasets generated and analyzed during this study are not publicly available due to patient information being identifiable but
are available from the corresponding author on reasonable request. For ethics queries, please contact the Health and Disability
Ethics Committees at hdecs@health.govt.nz.

Authors' Contributions
PSA, JB, GL, LC, MA, BL, SD, DH, STT, ME, PH, and MJM were involved in conceptualization and funding acquisition. PSA
and MJM were involved in validation, writing original draft, and visualization. GL, LC, ME, BL, SD, DH, BM, EB, JW, RL,
MA, and MJM were involved in data curation and supervision. JB, GL, and PH were involved in supervision. PSA, STT, and
ME were involved in formal analysis and methodology. All authors reviewed and edited the manuscript.

JMIR Cancer 2025 | vol. 11 | e65118 | p.964https://cancer.jmir.org/2025/1/e65118
(page number not for citation purposes)

Aye et alJMIR CANCER

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Conflicts of Interest
None declared.

Multimedia Appendix 1
Supplementary materials.
[PDF File, 800 KB - cancer_v11i1e65118_app1.pdf ]

References
1. Bray F, Laversanne M, Sung H, et al. Global cancer statistics 2022: GLOBOCAN estimates of incidence and mortality

worldwide for 36 cancers in 185 countries. CA Cancer J Clin 2024;74(3):229-263. [doi: 10.3322/caac.21834] [Medline:
38572751]

2. Thai AA, Solomon BJ, Sequist LV, Gainor JF, Heist RS. Lung cancer. Lancet 2021 Aug 7;398(10299):535-554. [doi:
10.1016/S0140-6736(21)00312-3] [Medline: 34273294]

3. Lynch TJ, Bell DW, Sordella R, et al. Activating mutations in the epidermal growth factor receptor underlying responsiveness
of non-small-cell lung cancer to gefitinib. N Engl J Med 2004 May 20;350(21):2129-2139. [doi: 10.1056/NEJMoa040938]
[Medline: 15118073]

4. Paez JG, Jänne PA, Lee JC, et al. EGFR mutations in lung cancer: correlation with clinical response to gefitinib therapy.
Science 2004 Jun 4;304(5676):1497-1500. [doi: 10.1126/science.1099314] [Medline: 15118125]

5. Pao W, Miller V, Zakowski M, et al. EGF receptor gene mutations are common in lung cancers from “never smokers” and
are associated with sensitivity of tumors to gefitinib and erlotinib. Proc Natl Acad Sci U S A 2004 Sep
7;101(36):13306-13311. [doi: 10.1073/pnas.0405220101] [Medline: 15329413]

6. Maemondo M, Inoue A, Kobayashi K, et al. Gefitinib or chemotherapy for non-small-cell lung cancer with mutated EGFR.
N Engl J Med 2010 Jun 24;362(25):2380-2388. [doi: 10.1056/NEJMoa0909530] [Medline: 20573926]

7. Mitsudomi T, Morita S, Yatabe Y, et al. Gefitinib versus cisplatin plus docetaxel in patients with non-small-cell lung cancer
harbouring mutations of the epidermal growth factor receptor (WJTOG3405): an open label, randomised phase 3 trial.
Lancet Oncol 2010 Feb;11(2):121-128. [doi: 10.1016/S1470-2045(09)70364-X] [Medline: 20022809]

8. Zhou C, Wu YL, Chen G, et al. Erlotinib versus chemotherapy as first-line treatment for patients with advanced EGFR
mutation-positive non-small-cell lung cancer (OPTIMAL, CTONG-0802): a multicentre, open-label, randomised, phase 3
study. Lancet Oncol 2011 Aug;12(8):735-742. [doi: 10.1016/S1470-2045(11)70184-X] [Medline: 21783417]

9. Rosell R, Carcereny E, Gervais R, et al. Erlotinib versus standard chemotherapy as first-line treatment for European patients
with advanced EGFR mutation-positive non-small-cell lung cancer (EURTAC): a multicentre, open-label, randomised
phase 3 trial. Lancet Oncol 2012 Mar;13(3):239-246. [doi: 10.1016/S1470-2045(11)70393-X] [Medline: 22285168]

10. Wu YL, Zhou C, Liam CK, et al. First-line erlotinib versus gemcitabine/cisplatin in patients with advanced EGFR
mutation-positive non-small-cell lung cancer: analyses from the phase III, randomized, open-label, ENSURE study. Ann
Oncol 2015 Sep;26(9):1883-1889. [doi: 10.1093/annonc/mdv270] [Medline: 26105600]

11. Park K, Tan EH, O’Byrne K, et al. Afatinib versus gefitinib as first-line treatment of patients with EGFR mutation-positive
non-small-cell lung cancer (LUX-Lung 7): a phase 2B, open-label, randomised controlled trial. Lancet Oncol 2016
May;17(5):577-589. [doi: 10.1016/S1470-2045(16)30033-X] [Medline: 27083334]

12. Wu YL, Cheng Y, Zhou X, et al. Dacomitinib versus gefitinib as first-line treatment for patients with EGFR-mutation-positive
non-small-cell lung cancer (ARCHER 1050): a randomised, open-label, phase 3 trial. Lancet Oncol 2017
Nov;18(11):1454-1466. [doi: 10.1016/S1470-2045(17)30608-3] [Medline: 28958502]

13. Soria JC, Ohe Y, Vansteenkiste J, et al. Osimertinib in untreated EGFR-mutated advanced non-small-cell lung cancer. N
Engl J Med 2018 Jan 11;378(2):113-125. [doi: 10.1056/NEJMoa1713137] [Medline: 29151359]

14. Lu S, Dong X, Jian H, et al. AENEAS: a randomized phase III trial of aumolertinib versus gefitinib as first-line therapy
for locally advanced or metastatic non-small-cell lung cancer with EGFR exon 19 deletion or L858R mutations. J Clin
Oncol 2022 Sep 20;40(27):3162-3171. [doi: 10.1200/JCO.21.02641] [Medline: 35580297]

15. Cho BC, Ahn MJ, Kang JH, et al. Lazertinib versus gefitinib as first-line treatment in patients with EGFR-mutated advanced
non-small-cell lung cancer: results from LASER301. J Clin Oncol 2023 Sep 10;41(26):4208-4217. [doi:
10.1200/JCO.23.00515] [Medline: 37379502]

16. Seto T, Kato T, Nishio M, et al. Erlotinib alone or with bevacizumab as first-line therapy in patients with advanced
non-squamous non-small-cell lung cancer harbouring EGFR mutations (JO25567): an open-label, randomised, multicentre,
phase 2 study. Lancet Oncol 2014 Oct;15(11):1236-1244. [doi: 10.1016/S1470-2045(14)70381-X] [Medline: 25175099]

17. Nakagawa K, Garon EB, Seto T, et al. Ramucirumab plus erlotinib in patients with untreated, EGFR-mutated, advanced
non-small-cell lung cancer (RELAY): a randomised, double-blind, placebo-controlled, phase 3 trial. Lancet Oncol 2019
Dec;20(12):1655-1669. [doi: 10.1016/S1470-2045(19)30634-5] [Medline: 31591063]

18. Saito H, Fukuhara T, Furuya N, et al. Erlotinib plus bevacizumab versus erlotinib alone in patients with EGFR-positive
advanced non-squamous non-small-cell lung cancer (NEJ026): interim analysis of an open-label, randomised, multicentre,
phase 3 trial. Lancet Oncol 2019 May;20(5):625-635. [doi: 10.1016/S1470-2045(19)30035-X] [Medline: 30975627]

JMIR Cancer 2025 | vol. 11 | e65118 | p.965https://cancer.jmir.org/2025/1/e65118
(page number not for citation purposes)

Aye et alJMIR CANCER

XSL•FO
RenderX

https://jmir.org/api/download?alt_name=cancer_v11i1e65118_app1.pdf&filename=2cd8d091-f855-11ef-8c95-5b1d522342e1.pdf
https://jmir.org/api/download?alt_name=cancer_v11i1e65118_app1.pdf&filename=2cd8d091-f855-11ef-8c95-5b1d522342e1.pdf
http://dx.doi.org/10.3322/caac.21834
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38572751&dopt=Abstract
http://dx.doi.org/10.1016/S0140-6736(21)00312-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34273294&dopt=Abstract
http://dx.doi.org/10.1056/NEJMoa040938
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15118073&dopt=Abstract
http://dx.doi.org/10.1126/science.1099314
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15118125&dopt=Abstract
http://dx.doi.org/10.1073/pnas.0405220101
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15329413&dopt=Abstract
http://dx.doi.org/10.1056/NEJMoa0909530
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20573926&dopt=Abstract
http://dx.doi.org/10.1016/S1470-2045(09)70364-X
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20022809&dopt=Abstract
http://dx.doi.org/10.1016/S1470-2045(11)70184-X
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21783417&dopt=Abstract
http://dx.doi.org/10.1016/S1470-2045(11)70393-X
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22285168&dopt=Abstract
http://dx.doi.org/10.1093/annonc/mdv270
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26105600&dopt=Abstract
http://dx.doi.org/10.1016/S1470-2045(16)30033-X
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27083334&dopt=Abstract
http://dx.doi.org/10.1016/S1470-2045(17)30608-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28958502&dopt=Abstract
http://dx.doi.org/10.1056/NEJMoa1713137
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29151359&dopt=Abstract
http://dx.doi.org/10.1200/JCO.21.02641
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35580297&dopt=Abstract
http://dx.doi.org/10.1200/JCO.23.00515
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37379502&dopt=Abstract
http://dx.doi.org/10.1016/S1470-2045(14)70381-X
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25175099&dopt=Abstract
http://dx.doi.org/10.1016/S1470-2045(19)30634-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31591063&dopt=Abstract
http://dx.doi.org/10.1016/S1470-2045(19)30035-X
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30975627&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


19. Hosomi Y, Morita S, Sugawara S, et al. Gefitinib alone versus gefitinib plus chemotherapy for non-small-cell lung cancer
with mutated epidermal growth factor receptor: NEJ009 study. J Clin Oncol 2020 Jan 10;38(2):115-123. [doi:
10.1200/JCO.19.01488] [Medline: 31682542]

20. Noronha V, Patil VM, Joshi A, et al. Gefitinib versus gefitinib plus pemetrexed and carboplatin chemotherapy in
EGFR-mutated lung cancer. J Clin Oncol 2020 Jan 10;38(2):124-136. [doi: 10.1200/JCO.19.01154] [Medline: 31411950]

21. Cramer-van der Welle CM, Peters BJM, Schramel FMNH, et al. Systematic evaluation of the efficacy-effectiveness gap
of systemic treatments in metastatic nonsmall cell lung cancer. Eur Respir J 2018 Dec;52(6):1801100. [doi:
10.1183/13993003.01100-2018] [Medline: 30487206]

22. Novello S, Capelletto E, Cortinovis D, et al. Italian multicenter survey to evaluate the opinion of patients and their reference
clinicians on the “tolerance” to targeted therapies already available for non-small cell lung cancer treatment in daily clinical
practice. Transl Lung Cancer Res 2014 Jun;3(3):173-180. [doi: 10.3978/j.issn.2218-6751.2014.06.10] [Medline: 25806297]

23. Lau SC, Chooback N, Ho C, Melosky B. Outcome differences between first- and second-generation EGFR inhibitors in
advanced EGFR mutated NSCLC in a large population-based cohort. Clin Lung Cancer 2019 Sep;20(5):e576-e583. [doi:
10.1016/j.cllc.2019.05.003] [Medline: 31178389]

24. Li YL, Appius A, Pattipaka T, Feyereislova A, Cassidy A, Ganti AK. Real-world management of patients with epidermal
growth factor receptor (EGFR) mutation-positive non–small-cell lung cancer in the USA. PLoS ONE 2019;14(1):e0209709.
[doi: 10.1371/journal.pone.0209709]

25. Hsieh YY, Fang WT, Lo YW, Chen YH, Chien LN. Comparing the effectiveness of different EGFR-TKIs in patients with
EGFR mutant non-small-cell lung cancer: a retrospective cohort study in Taiwan. Int J Cancer 2020 Aug 15;147(4):1107-1116.
[doi: 10.1002/ijc.32841] [Medline: 31854456]

26. Chen PY, Wang CC, Hsu CN, Chen CY. Association of EGFR tyrosine kinase inhibitor treatment with progression-free
survival among Taiwanese patients with advanced lung adenocarcinoma and EGFR mutation. Front Pharmacol
2021;12:720687. [doi: 10.3389/fphar.2021.720687] [Medline: 34434112]

27. Pluzanski A, Krzakowski M, Kowalski D, Dziadziuszko R. Real-world clinical outcomes of first-generation and
second-generation epidermal growth factor receptor tyrosine kinase inhibitors in a large cohort of European non-small-cell
lung cancer patients. ESMO Open 2020 Nov;5(6):e001011. [doi: 10.1136/esmoopen-2020-001011] [Medline: 33148621]

28. Manninen O, Puuniemi L, Iivanainen S, Arffman M, Kaarteenaho R, Koivunen JP. Treatment outcomes of non-small cell
lung cancers treated with EGFR tyrosine kinase inhibitors: a real-world cohort study. Acta Oncol 2023 Dec
2;62(12):1854-1861. [doi: 10.1080/0284186X.2023.2274481]

29. Gijtenbeek RGP, Damhuis RAM, Groen HJM, van der Wekken AJ, van Geffen WH. Nationwide real-world cohort study
of first-line tyrosine kinase inhibitor treatment in epidermal growth factor receptor-mutated non-small-cell lung cancer.
Clin Lung Cancer 2020 Nov;21(6):e647-e653. [doi: 10.1016/j.cllc.2020.05.019] [Medline: 32636159]

30. Gijtenbeek RGP, Damhuis RAM, van der Wekken AJ, Hendriks LEL, Groen HJM, van Geffen WH. Overall survival in
advanced epidermal growth factor receptor mutated non-small cell lung cancer using different tyrosine kinase inhibitors
in the Netherlands: a retrospective, nationwide registry study. Lancet Reg Health Eur 2023 Apr;27:100592. [doi:
10.1016/j.lanepe.2023.100592] [Medline: 36817181]

31. Aye PS, McKeage MJ, Tin Tin S, Khwaounjoo P, Elwood JM. Population-based incidence rates and increased risk of
EGFR mutated non-small cell lung cancer in Māori and Pacifica in New Zealand. PLOS ONE 2021;16(5):e0251357. [doi:
10.1371/journal.pone.0251357] [Medline: 33961689]

32. StatsNZ. URL: https://www.stats.govt.nz [accessed 2025-01-07]
33. McKeage M, Elwood M, Tin Tin S, et al. EGFR mutation testing of non-squamous NSCLC: impact and uptake during

implementation of testing guidelines in a population-based registry cohort from Northern New Zealand. Target Oncol 2017
Oct;12(5):663-675. [doi: 10.1007/s11523-017-0515-4] [Medline: 28699084]

34. Aye PS, Barnes J, Laking G, et al. Erlotinib or gefitinib for treating advanced epidermal growth factor receptor
mutation-positive lung cancer in Aotearoa New Zealand: protocol for a national whole-of-patient-population retrospective
cohort study and results of a validation substudy. JMIR Res Protoc 2024 Jul 2;13:e51381. [doi: 10.2196/51381] [Medline:
38954434]

35. Prescribing information Tarceva (erlotinib) tablets. U.S. Food & Drug Administration. 2016. URL: https://www.
accessdata.fda.gov/drugsatfda_docs/label/2016/021743s025lbl.pdf [accessed 2025-01-16]

36. Prescribing information Iressa (gefitinib) tablets. U.S. Food & Drug Administration. 2021. URL: https://www.
accessdata.fda.gov/drugsatfda_docs/label/2021/206995s004lbl.pdf [accessed 2025-01-16]

37. Blumenthal GM, Gong Y, Kehl K, et al. Analysis of time-to-treatment discontinuation of targeted therapy, immunotherapy,
and chemotherapy in clinical trials of patients with non-small-cell lung cancer. Ann Oncol 2019 May 1;30(5):830-838.
[doi: 10.1093/annonc/mdz060] [Medline: 30796424]

38. Salmond C, Crampton P, Atkinson J. NZDep2006 Index of Deprivation. : Department of Public Health, University of
Otago; 2007 URL: https://www.otago.ac.nz/wellington/otago020348.pdf [accessed 2025-01-11]

39. An urban/rural profile. Statistics New Zealand. URL: https://datafinder.stats.govt.nz/layer/120965-urban-rural-2025/
[accessed 2025-01-11]

JMIR Cancer 2025 | vol. 11 | e65118 | p.966https://cancer.jmir.org/2025/1/e65118
(page number not for citation purposes)

Aye et alJMIR CANCER

XSL•FO
RenderX

http://dx.doi.org/10.1200/JCO.19.01488
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31682542&dopt=Abstract
http://dx.doi.org/10.1200/JCO.19.01154
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31411950&dopt=Abstract
http://dx.doi.org/10.1183/13993003.01100-2018
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30487206&dopt=Abstract
http://dx.doi.org/10.3978/j.issn.2218-6751.2014.06.10
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25806297&dopt=Abstract
http://dx.doi.org/10.1016/j.cllc.2019.05.003
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31178389&dopt=Abstract
http://dx.doi.org/10.1371/journal.pone.0209709
http://dx.doi.org/10.1002/ijc.32841
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31854456&dopt=Abstract
http://dx.doi.org/10.3389/fphar.2021.720687
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34434112&dopt=Abstract
http://dx.doi.org/10.1136/esmoopen-2020-001011
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33148621&dopt=Abstract
http://dx.doi.org/10.1080/0284186X.2023.2274481
http://dx.doi.org/10.1016/j.cllc.2020.05.019
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32636159&dopt=Abstract
http://dx.doi.org/10.1016/j.lanepe.2023.100592
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36817181&dopt=Abstract
http://dx.doi.org/10.1371/journal.pone.0251357
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33961689&dopt=Abstract
https://www.stats.govt.nz
http://dx.doi.org/10.1007/s11523-017-0515-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28699084&dopt=Abstract
http://dx.doi.org/10.2196/51381
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38954434&dopt=Abstract
https://www.accessdata.fda.gov/drugsatfda_docs/label/2016/021743s025lbl.pdf
https://www.accessdata.fda.gov/drugsatfda_docs/label/2016/021743s025lbl.pdf
https://www.accessdata.fda.gov/drugsatfda_docs/label/2021/206995s004lbl.pdf
https://www.accessdata.fda.gov/drugsatfda_docs/label/2021/206995s004lbl.pdf
http://dx.doi.org/10.1093/annonc/mdz060
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30796424&dopt=Abstract
https://www.otago.ac.nz/wellington/otago020348.pdf
https://datafinder.stats.govt.nz/layer/120965-urban-rural-2025/
http://www.w3.org/Style/XSL
http://www.renderx.com/


40. Sarfati D, Gurney J, Stanley J, Lim BT, McSherry C. Development of a pharmacy-based comorbidity index for patients
with cancer. Med Care 2014 Jul;52(7):586-593. [doi: 10.1097/MLR.0000000000000149] [Medline: 24926705]

41. Ethicity data protocols: HISO 10001:2017 version 1.1. Health New Zealand: Te Whatu Ora. 2017. URL: https://www.
tewhatuora.govt.nz/assets/Our-health-system/Digital-health/Health-information-standards/
HISO-10001-2017-Ethnicity-Data-Protocols.pdf [accessed 2025-01-11]

42. Koopman B, Cajiao Garcia BN, Kuijpers CCHJ, et al. A nationwide study on the impact of routine testing for EGFR
mutations in advanced NSCLC reveals distinct survival patterns based on EGFR mutation subclasses. Cancers (Basel) 2021
Jul 20;13(14):3641. [doi: 10.3390/cancers13143641] [Medline: 34298851]

43. Inoue A, Yoshida K, Morita S, et al. Characteristics and overall survival of EGFR mutation-positive non-small cell lung
cancer treated with EGFR tyrosine kinase inhibitors: a retrospective analysis for 1660 Japanese patients. Jpn J Clin Oncol
2016 May;46(5):462-467. [doi: 10.1093/jjco/hyw014] [Medline: 26977054]

44. Lin JJ, Cardarella S, Lydon CA, et al. Five-year survival in EGFR-mutant metastatic lung adenocarcinoma treated with
EGFR-TKIs. J Thorac Oncol 2016 Apr;11(4):556-565. [doi: 10.1016/j.jtho.2015.12.103] [Medline: 26724471]

45. Lee CK, Wu YL, Ding PN, et al. Impact of specific epidermal growth factor receptor (EGFR) mutations and clinical
characteristics on outcomes after treatment with EGFR tyrosine kinase inhibitors versus chemotherapy in EGFR-mutant
lung cancer: a meta-analysis. J Clin Oncol 2015 Jun 10;33(17):1958-1965. [doi: 10.1200/JCO.2014.58.1736] [Medline:
25897154]

46. Mulloy R, Ferrand A, Kim Y, et al. Epidermal growth factor receptor mutants from human lung cancers exhibit enhanced
catalytic activity and increased sensitivity to gefitinib. Cancer Res 2007 Mar 1;67(5):2325-2330. [doi:
10.1158/0008-5472.CAN-06-4293] [Medline: 17332364]

47. Carey KD, Garton AJ, Romero MS, et al. Kinetic analysis of epidermal growth factor receptor somatic mutant proteins
shows increased sensitivity to the epidermal growth factor receptor tyrosine kinase inhibitor, erlotinib. Cancer Res 2006
Aug 15;66(16):8163-8171. [doi: 10.1158/0008-5472.CAN-06-0453] [Medline: 16912195]

48. Johnson AM, Hines RB, Johnson JA, Bayakly AR. Treatment and survival disparities in lung cancer: the effect of social
environment and place of residence. Lung Cancer 2014 Mar;83(3):401-407. [doi: 10.1016/j.lungcan.2014.01.008] [Medline:
24491311]

49. Unger JM, Moseley AB, Cheung CK, et al. Persistent disparity: socioeconomic deprivation and cancer outcomes in patients
treated in clinical trials. J Clin Oncol 2021 Apr 20;39(12):1339-1348. [doi: 10.1200/JCO.20.02602] [Medline: 33729825]

50. Blakely T, Fawcett J, Hunt D, Wilson N. What is the contribution of smoking and socioeconomic position to ethnic
inequalities in mortality in New Zealand? Lancet 2006 Jul 1;368(9529):44-52. [doi: 10.1016/S0140-6736(06)68813-2]
[Medline: 16815379]

Abbreviations
EGFR: epidermal growth factor receptor
HR: hazard ratio
NSCLC: non–small cell lung cancer
PHARMs: Pharmaceutical Information Database
RECORD: Reporting of Studies Conducted Using Observational Routinely-Collected Health Data

Edited by N Cahill; submitted 06.08.24; peer-reviewed by HH Hasbullah, RAM Damhuis; revised version received 24.11.24; accepted
25.11.24; published 03.03.25.

Please cite as:
Aye PS, Barnes J, Laking G, Cameron L, Anderson M, Luey B, Delany S, Harris D, McLaren B, Brenman E, Wong J, Lawrenson R,
Arendse M, Tin Tin S, Elwood M, Hope P, McKeage MJ
Treatment Outcomes From Erlotinib and Gefitinib in Advanced Epidermal Growth Factor Receptor–Mutated Nonsquamous Non–Small
Cell Lung Cancer in Aotearoa New Zealand From 2010 to 2020: Nationwide Whole-of-Patient-Population Retrospective Cohort
Study
JMIR Cancer 2025;11:e65118
URL: https://cancer.jmir.org/2025/1/e65118 
doi:10.2196/65118

© Phyu Sin Aye, Joanne Barnes, George Laking, Laird Cameron, Malcolm Anderson, Brendan Luey, Stephen Delany, Dean
Harris, Blair McLaren, Elliott Brenman, Jayden Wong, Ross Lawrenson, Michael Arendse, Sandar Tin Tin, Mark Elwood, Philip
Hope, Mark James McKeage. Originally published in JMIR Cancer (https://cancer.jmir.org), 3.3.2025. This is an open-access
article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/),

JMIR Cancer 2025 | vol. 11 | e65118 | p.967https://cancer.jmir.org/2025/1/e65118
(page number not for citation purposes)

Aye et alJMIR CANCER

XSL•FO
RenderX

http://dx.doi.org/10.1097/MLR.0000000000000149
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24926705&dopt=Abstract
https://www.tewhatuora.govt.nz/assets/Our-health-system/Digital-health/Health-information-standards/HISO-10001-2017-Ethnicity-Data-Protocols.pdf
https://www.tewhatuora.govt.nz/assets/Our-health-system/Digital-health/Health-information-standards/HISO-10001-2017-Ethnicity-Data-Protocols.pdf
https://www.tewhatuora.govt.nz/assets/Our-health-system/Digital-health/Health-information-standards/HISO-10001-2017-Ethnicity-Data-Protocols.pdf
http://dx.doi.org/10.3390/cancers13143641
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34298851&dopt=Abstract
http://dx.doi.org/10.1093/jjco/hyw014
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26977054&dopt=Abstract
http://dx.doi.org/10.1016/j.jtho.2015.12.103
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26724471&dopt=Abstract
http://dx.doi.org/10.1200/JCO.2014.58.1736
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25897154&dopt=Abstract
http://dx.doi.org/10.1158/0008-5472.CAN-06-4293
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17332364&dopt=Abstract
http://dx.doi.org/10.1158/0008-5472.CAN-06-0453
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16912195&dopt=Abstract
http://dx.doi.org/10.1016/j.lungcan.2014.01.008
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24491311&dopt=Abstract
http://dx.doi.org/10.1200/JCO.20.02602
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33729825&dopt=Abstract
http://dx.doi.org/10.1016/S0140-6736(06)68813-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16815379&dopt=Abstract
https://cancer.jmir.org/2025/1/e65118
http://dx.doi.org/10.2196/65118
http://www.w3.org/Style/XSL
http://www.renderx.com/


which permits unrestricted use, distribution, and reproduction in any medium, provided the original work, first published in JMIR
Cancer, is properly cited. The complete bibliographic information, a link to the original publication on https://cancer.jmir.org/,
as well as this copyright and license information must be included.

JMIR Cancer 2025 | vol. 11 | e65118 | p.968https://cancer.jmir.org/2025/1/e65118
(page number not for citation purposes)

Aye et alJMIR CANCER

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Predicting Early-Onset Colorectal Cancer in Individuals Below
Screening Age Using Machine Learning and Real-World Data:
Case Control Study

Chengkun Sun1, MS; Erin Mobley2,3, PhD; Michael Quillen4, MD; Max Parker4, MD; Meghan Daly3, MD; Rui Wang5,

PhD; Isabela Visintin3, MD; Ziad Awad3, MD; Jennifer Fishe6, MD; Alexander Parker2,7, PhD; Thomas George2,4,

MD; Jiang Bian8, PhD; Jie Xu1, PhD
1Department of Health Outcomes and Biomedical Informatics, College of Medicine, University of Florida, 1889 Museum Road, Office 7020, Gainesville,
FL, United States
2University of Florida Health Cancer Center, University of Florida, Gainesville, FL, United States
3Department of Surgery, University of Florida, Jacksonville, FL, United States
4Department of Medicine, University of Florida, Gainesville, FL, United States
5Center for Data Solutions, University of Florida, Jacksonville, FL, United States
6Department of Emergency Medicine, University of Florida, Jacksonville, FL, United States
7College of Medicine, University of Florida, Jacksonville, FL, United States
8Indiana University Indianapolis, Indianapolis, IN, United States

Corresponding Author:
Jie Xu, PhD
Department of Health Outcomes and Biomedical Informatics, College of Medicine, University of Florida, 1889 Museum Road,
Office 7020, Gainesville, FL, United States

Abstract

Background: Colorectal cancer is now the leading cause of cancer-related deaths among young Americans. Accurate early
prediction and a thorough understanding of the risk factors for early-onset colorectal cancer (EOCRC) are vital for effective
prevention and treatment, particularly for patients below the recommended screening age.

Objective: Our study aims to predict EOCRC using machine learning (ML) and structured electronic health record data for
individuals under the screening age of 45 years, with the aim of exploring potential risk and protective factors that could support
early diagnosis.

Methods: We identified a cohort of patients under the age of 45 years from the OneFlorida+ Clinical Research Consortium.
Given the distinct pathology of colon cancer (CC) and rectal cancer (RC), we created separate prediction models for each cancer
type with various ML algorithms. We assessed multiple prediction time windows (ie, 0, 1, 3, and 5 y) and ensured robustness
through propensity score matching to account for confounding variables including sex, race, ethnicity, and birth year. We conducted
a comprehensive performance evaluation using metrics including area under the curve (AUC), sensitivity, specificity, positive
predictive value, negative predictive value, and F1-score. Both linear (ie, logistic regression, support vector machine) and nonlinear
(ie, Extreme Gradient Boosting and random forest) models were assessed to enable rigorous comparison across different
classification strategies. In addition, we used the Shapley Additive Explanations to interpret the models and identify key risk and
protective factors associated with EOCRC.

Results: The final cohort included 1358 CC cases with 6790 matched controls, and 560 RC cases with 2800 matched controls.
The RC group had a more balanced sex distribution (2:3 male-to-female) compared to the CC group (2:5 male-to-female), and
both groups showed diverse racial and ethnic representation. Our predictive models demonstrated reasonable results, with AUC
scores for CC prediction of 0.811, 0.748, 0.689, and 0.686 at 0, 1, 3, and 5 years before diagnosis, respectively. For RC prediction,
AUC scores were 0.829, 0.771, 0.727, and 0.721 across the same time windows. Key predictive features across both cancer types
included immune and digestive system disorders, secondary malignancies, and underweight status. In addition, blood diseases
emerged as prominent indicators specifically for CC.

Conclusions: Our findings demonstrate the potential of ML models leveraging electronic health record data to facilitate the
early prediction of EOCRC in individuals under 45 years. By uncovering important risk factors and achieving promising predictive
performance, this study provides preliminary insights that could inform future efforts toward earlier detection and prevention in
younger populations.
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Introduction

Colorectal cancer (CRC) is a significant public health challenge,
ranking as the third leading cause of cancer-related mortality
among both males and females in the United States [1]. It is
estimated that in 2023, approximately 153,020 individuals were
diagnosed with CRC, and 52,550 succumbed to the disease [1].
While cancer is typically a disease of older age, a concerning
trend has emerged—the increasing incidence of early-onset
colorectal cancer (EOCRC) in individuals younger than the age
of 50 years [1,2]. This increased incidence has led the US
Preventive Services Task Force to modify its recommendations,
lowering the age to start CRC screening to age 45 [3]. Patients
diagnosed with EOCRC tend to present at later stages and face
lower disease-specific survival rates, underscoring the need for
early detection and treatment initiation [4]. Nevertheless,
challenges in addressing EOCRC are compounded by poorly
defined risk factors and the role of diagnostic delays. As a result,
early prediction and comprehensive understanding of the risk
factors of EOCRC are essential for prevention and treatment,
particularly for patients who fall below the recommended
screening age.

The rapid integration of artificial intelligence and big data
analytics has significantly expanded the horizons of medical
research and clinical care [5]. Diverse data sources, including
imaging and genomic data, have been harnessed for CRC
detection through the application of statistical and machine
learning (ML) algorithms. Some approaches have included the
analysis of tumor DNA and circulating RNA expression
profiling data to identify potential pathogenic factors [6,7]. In
addition, computer tomography (CT)–based radionics, combined
with ML algorithms, have been used to predict the Kirsten rat
sarcoma viral oncogene mutation in people with CRC,
demonstrating the potential of ML in clinical decision support
[8]. Further, a random forest (RF) model trained with standard
clinical and pathological prognostic variables, coupled with
magnetic resonance imaging (MRI) images, achieved an
impressive area under the curve (AUC) score of 0.94 when
predicting survival in CRC patients, highlighting the importance
of MRI-based texture features in patient survival prediction [9].
However, imaging data produces a small number of
unexplainable predictors (around 100), and does not consistently
improve diagnostic accuracy and disease prediction, especially
when only using imaging data [10]. Furthermore, advanced
imaging modalities and genomic data can be costly, with limited
accessibility, and lack diversity and representativeness in
samples, which could impact timely and accurate diagnosis for
all individuals affected by EOCRC or widen already present
disparities in patient outcomes.

In contrast to imaging and genomic data, structured data from
the electronic health record (EHR) offers a more accessible and
cost-effective data source for initial research. Originally

designed for administrative and billing purposes, structured
EHR data have evolved into valuable tools for health care
research, capturing a wealth of patient information, including
clinical diagnoses, procedures, medications, and laboratory
results, among others [11]. The integration of ML and deep
learning with EHR data has demonstrated substantial potential
for disease prediction, including Alzheimer disease, gestational
diabetes mellitus, and coronary heart disease [12-14]. In the
context of CRC, several ML approaches have been used to
predict the risk of the disease. For example, Shanbehzadeh et
al [15] used structured EHR data and four data mining
algorithms to predict CRC risk, identifying critical attributes

for the prediction model using the weight statistical χ2 test.

However, the weight statistical χ2 test assumes independence
among variables, which may not hold true in complex datasets
where variables are likely correlated. Another study leveraged
convolutional neural networks to predict CRC risk based on the
structured EHR data from the Taiwan National Health Insurance
database [16]. Hussan et al [17] explored multiple ML methods
to construct predictive models for CRC among patients aged
between 35 and 50 years. However, these studies faced
challenges in effectively matching cases and control groups,
leading to increased bias and concerns regarding confounding.
Furthermore, another limitation across studies is the failure to
distinguish between colon cancer (CC) and rectal cancer (RC),
despite the differences in clinical presentation, molecular
carcinogenesis, pathology, surgical topography and procedures,
and multimodal treatment strategies between these 2 cancers
[18]. In addition, the lack of model explanations regarding
clinical diagnosis of CRC undermined the interpretability and
reliability of their strategies. As a result, there is a pressing need
for improved methodologies to enhance the reliability and
understanding of ML models in EOCRC prediction.

Methods

Data Source and Study Population
This study used deidentified EHR data from the OneFlorida+
Clinical Research Consortium, which operates within the
PCORnet Clinical Research Network funded by the
Patient-Centered Outcomes Research Institute. PCORnet serves
as a national resource dedicated to advancing high-priority
health research and improving outcomes through a robust,
integrated research infrastructure [19,20]. By combining
extensive health data, research expertise, and patient
perspectives, it enables network partners to rapidly generate
reliable, actionable evidence to support public health and clinical
decision-making [19,20]. The OneFlorida+ data encompasses
a wide range of patient characteristics from health systems
across the southeast, including EHR data collected using the
PCORnet Common Data Model [19] regarding demographics,
diagnoses, medications, procedures, vital signs, lab tests, and
more.
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The construction of our study cohort using OneFlorida+ is
outlined in Figure 1. OneFlorida+ identified individuals from
the OneFlorida+ network, with encounters from January 2012
to January 2023 who met our inclusion criteria as either a case
or control. We identified cases of CC using the International
Classification of Diseases, Ninth Revision (ICD-9) code of
C18.x or C49A4 or the International Classification of Diseases,
Tenth Revision (ICD-10) code of 153.x, or RC cases with the

ICD-9 code of C19.x, C20.x, C21.0, C21.1, and ICD-10 code
of 154.0 and 154.1. The initial cohort consisted of 68,293 CRC
cases (54,939 CC cases and 29,592 RC cases), and 589,823
controls. From those, we excluded patients diagnosed with both
CC and RC, other previous cancers, or those who were
diagnosed ≥45 years of age. Our final study cohort comprised
1358 CC cases with 25,485 controls and 560 RC cases with
22,648 controls.

Figure 1. Flowchart of patient selection from OneFlorida+. CC: colon cancer; CRC: colorectal cancer; RC: rectal cancer; AV: Ambulatory Visit.

We used an incident matching process to match cases and
controls to ensure a fair comparison across these groups.
Initially, we retained cases and controls with more than 2 years
of records and at least 2 encounters before the first onset date
of either CC or RC and ensured that the age gap between
matched cases and controls was within 2.5 years. By calculating
propensity scores based on race, ethnicity, sex, and birth year
(within 2.5 y), we used a narrow caliper of 0.05 with a nearest
neighbor approach to achieve a 1:5 case-to-control ratio for

each prediction window group [21]. This rigorous methodology
ensures a balanced study population for reliable analysis and
EOCRC prediction.

Study Setting
We then incorporated a range of different observation periods
and prediction windows (Figure 2) to test our prediction
algorithms, considering the different use cases. We considered
4 different prediction windows: 0 years, 1 year, 3 years, and 5
years before CRC diagnosis.
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Figure 2. Visualization of the observation and prediction windows. For the prediction task. The index date for CRC cases is the date of diagnosis. For
the control group, the index date is defined as the closest encounter date to the diagnosis date of the matched case group. The prediction window is the
time period before the index date during which CRC cases are predicted. The observation window refers to the specific period during which data is
collected or observed for analysis. CRC: colorectal cancer.

Data Preprocessing
The predictors we extracted included data from the
demographics, vitals, diagnoses, medications, and procedures
tables within the OneFlorida+ Clinical Research Network
throughout the observation periods. Age at index date was
calculated and categorized into 3 groups (eg, 18‐29 y, 30‐39
y, and 40‐44 y). One-hot encoding [22] was used to represent
age groups, race, and sex variables. Statistical analysis shows
that the proportion of missing values is approximately 50%
(4137/8148 in CC and 1554/3360 in RC). According to [23-25],
mean imputation is less sensitive to high proportions of missing
data and is more robust compared to other imputation methods,
such as median and mode imputations, the indicator method,
and regression. Thus, for missing data, we imputed the missing
values with the mean of the numerical data derived from the
entire sample within each prediction window group.
Furthermore, BMI data was categorized into clinically relevant
groups, including underweight (≤18.5 y), normal (18.5‐23 y),
overweight (23-30 y), and obese (≥30). Diastolic and systolic
measurements were categorized into distinct hypertension stages.

Diagnoses, which were initially represented using ICD-9 and
ICD-10 codes, were subjected to a data dimensionality reduction
process that mapped them into Phecodes [26,27]. Revenue codes
and current procedural terminology codes [28] were leveraged
to capture billed medical procedures. To integrate these data,
we also used the clinical classifications software code [29]. For
drug information, National Drug Code [30] and RxNorm codes
were used for encoding. National Drug Codes were mapped
into RxNorm codes, and further consolidated into anatomical
therapeutic chemical classes [31]. To ensure completeness, all
features that could not be mapped were retained to prevent any
missing information. These steps to transform the data enhanced
interpretability and relevance of our predictive models.

Experiments and Validation
We explored several widely used ML models, including linear
models such as logistic regression (LR) and the support vector
machine (SVM), as well as nonlinear models like XGBoost
(Extreme Gradient Boosting) and RF. We adopted two modeling
strategies, including (1) prediction without CRC-related features

and (2) prediction without cancer-related features, covering the
CRC-related features. For the first strategy, features that may
be indicative of CRC differential diagnoses (eg, neoplasm of
unspecified nature of digestive system) or treatments for CRC
(eg, chemotherapy and radiotherapy) were removed from the
models and not used as predictors. For the second strategy, we
took a more stringent approach by eliminating all diagnoses,
drugs, and procedures that could be associated with any cancer
from the extracted predictors. This step aimed to identify risk
factors while eliminating the influence of other types of cancers,
enabling us to focus exclusively on noncancer-related predictors.
Regardless of the feature engineering strategy, we maintained
a consistent experimental setup. The entire dataset was randomly
split into a training dataset and a testing dataset with a ratio of
4:1. Model optimization was conducted on the training set
through 5-fold cross-validation, and we fine-tuned
hyperparameters using Bayesian optimization. To ensure
reproducibility, we fixed the random state seed across all model
runs.

To assess the effectiveness of our models comprehensively, we
used a battery of evaluation metrics, including AUC, sensitivity,
specificity, positive predictive value (PPV), negative predictive
value (NPV), and F1-score. To mitigate the risk of overfitting
and to derive robust CIs, we implemented a bootstrapping
strategy. This involved conducting 100 experiments by randomly
resampling the training and testing datasets. In addition to
traditional performance metrics, we delved into the
interpretability of the XGBoost models. Specifically, we
computed Shapley Additive Explanations (SHAP) values [32]
to gain insights into the inner workings of the ML algorithms
and to identify the core contribution predictors. This approach
aimed to unveil the high-risk factors associated with EOCRC,
shedding light on the most influential features in our prediction
model. To further assess generalizability, we performed temporal
validation on all CC and RC groups, using data before January
1, 2015, for training and data after for testing. We then trained
an XGBoost model to evaluate its performance on the test set.

Ethical Considerations
The study was approved and the requirement to obtain any
informed consent was waived by the University of Florida
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Institutional Review Board (protocol number IRB202201561).
The research does not involve greater than minimal risk for
participation. Analyses only involve the secondary analysis of
data that are either limited datasets or deidentified. Our research
team has no direct contact with human participants. All methods
were carried out in accordance with relevant guidelines and
regulations.

Results

Table 1 provides an overview of the identified study cohorts
after propensity score matching for both CC and RC across

various prediction windows. Notably, CC cases outnumber RC
cases, with approximately twice as many CC cases. Patients in
the RC groups were slightly older compared to those in the CC
group. Sex distribution in the RC groups was closer to parity
(2:3 male to female) than in the CC group (2:5 male to female).
Both RC and CC groups exhibited diverse racial and ethnic
representation. In addition, as the prediction window lengthened,
the number of cases decreased. Specifically, there were 560,
560, 383, and 225 RC cases, and 1358, 1358, 884, and 532 CC
cases in prediction windows for 0 years, 1 year, 3 years, and 5
years, respectively.
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Table . Descriptive statistics in case and control groups.

RC controls (n=2800)RCb cases (n=560)CC controls (n=6790)CCa cases (n=1358)Variables

36.80 (5.53)37.70 (5.70)36.69 (5.73)36.54 (5.88)Age, mean (SD)

Sex, n (%)

1617 (57.75)323 (57.68)4461 (65.70)938 (69.07)Female

1183 (42.25)237 (42.32)2329 (34.30)420 (30.93)Male

Race and ethnicity, n (%)

514 (18.36)101 (18.04)1527 (22.49)338 (24.89)Hispanic

1212 (43.29)239(42.68)2893 (42.61)554 (40.80)Non-Hispanic White

887 (31.68)178 (31.79)1857 (27.35)353 (25.99)Non-Hispanic Black

9 (0.32)4 (0.71)66 (0.97)14 (1.03)Other

178 (6.36)38 (6.79)447 (6.58)99 (7.29)Unknown

Vital Signs, missing rate, n (%)

1383 (49.39)171 (30.54)3393(49.97)475 (34.98)BMI

1497 (53.46)236 (42.14)3578 (52.70)559 (41.16)Diastolic blood pressure

1517 (54.18)240 (42.86)3618 (53.28)573 (42.19)Systolic blood pressure

Top 10 diagnoses, n (%)

83 (2.96)45 (8.04%)5010 (73.78)1016 (74.82)Other tests

611 (21.82)133 (23.75)3430 (50.52)881 (64.87)Abdominal pain

189 (6.75)92 (16.43)2873 (42.30)630 (46.39)Other symptoms of respira-
tory system

187 (6.68)46 (8.21)2915 (42.93)585 (43.08)Overweight, obesity and
other hyperalimentation

87 (3.11)29 (5.18)2095 (30.85)581 (42.78)Nausea and vomiting

347(12.39)133 (23.75)2250 (33.14)536 (39.47)Nonspecific chest pain

121 (4.32)55 (9.82)2408 (35.46)523 (38.51)Tobacco use disorder

4 (0.4)1 (0.18%)2817 (41.49)522 (38.44)Acute upper respiratory in-
fections of multiple or un-
specified sites

77 (2.75)157 (28.04)1454 (21.41))512 (37.7)Other anemias

557 (19.89)127 (22.68)2202 (32.43)509 (37.48)Hypertension

Top 10 procedures, n (%)

100 (3.57)63 (11.25)6241 (91.91)1207 (88.88)Other diagnostic procedures

1909 (68.18)351 (62.68)5423 (79.87)1071 (78.87)Dental procedures

1917 (68.46)298 (53.21)4706 (69.31)958 (70.54)Microscopic examination
(bacterial smear; culture;
toxicology)

1544 (55.14)296 (52.86)4720 (69.51)951 (70.03)Other therapeutic procedures

622 (22.21)203 (36.25)4097 (60.34)845 (62.22)General emergency room

2258 (80.64)413 (73.75)3070 (45.21)817 (60.16)Pathology

266 (9.50)50 (8.93)3756 (55.32)806 (59.35)Chemistry laboratory-clini-
cal

2345 (83.75)470 (83.93)3740 (55.08)800 (58.91)Hematology laboratory-
clinical

763 (27.25)138 (24.64)3784 (55.73)792 (58.32)Nonoperative urinary system
measurements

229 (8.18)47 (8.39)3556 (52.37)764 (56.26)General pharmacy
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RC controls (n=2800)RCb cases (n=560)CC controls (n=6790)CCa cases (n=1358)Variables

Top 10 medications, n (%)

0 (0.00)5 (0.89)3301 (48.62)769 (56.63)Other analgesics and an-
tipyretics

272 (9.71)65 (11.61)3625 (53.39)724 (53.31)Anti-inflammatory and an-
tirheumatic products, nons-
teroids

725 (25.89)136 (24.29)3423 (50.41)723 (53.24)Throat preparations

66 (2.36)51 (9.11)3267 (48.11)705 (51.91)Anti-infectives

34 (1.21)4 (0.71)2779 (40.93)687 (50.59)Opioids

1 (0.04)1 (0.18)3427 (50.47)682 (50.22)Topical products for joint
and muscular pain

377 (13.46)102 (18.21)3046 (44.86)673 (49.56)Stomatological preparations

361 (12.89)80 (14.29)3283 (48.35)644 (47.42)Other gynecologicals

878 (31.36)167 (29.82)2949 (43.43)577 (42.49)Other cardiac preparations

528 (18.86)121 (21.61)2520 (37.11)573 (42.19)Corticosteroids for systemic
use, plain

aCC: colon cancer.
bRC: rectal cancer.

Table 2 presents the results of CC prediction using 2 feature
engineering strategies: 1 excluding CRC-related features and
the other excluding cancer-related features. Additional
evaluation metrics for CC prediction across all settings can be
found in Tables S1-S2 in Multimedia Appendix 1. In most cases,
tree-based models (XGBoost and RF) outperformed linear
models (SVM and LR), yielding higher AUC values.
Specifically, after removing CRC-related features, the RF model
achieved the highest AUC for the 0-year prediction (0.811, 95%
CI 0.808-0.814), while RF performed best for the 1-year (0.748,

95% CI 0.745-0.751), 3-year (0.689, 95% CI 0.684-694), and
5-year (0.686, 95% CI 0.68-0.692) predictions for CC. However,
after removing features associated with previous cancers, the
model performance decreased: LR achieved AUC values of
0.788 (95% CI 0.786-0.791) for 0-year prediction; RF achieved
AUC values of 0.716 (95% CI 0.713-0.719) for 1-year, 0.684
(95% CI 0.679-0.688) for 3-year, and 0.663 (95% CI
0.658-0.668) for 5-year prediction. Performance metrics,
including specificity, sensitivity, PPV, NPV, and F1-score,
exhibited similar trends.

Table . AUCa comparison for colon cancer prediction using machine learning models across different prediction windows (0, 1, 3, and 5 years).

5-year AUC (95% CI)3-year AUC (95% CI)1-year AUC (95% CI)0-year AUC (95% CI)Feature strategy and model

Excluding CRC-relatedb features

0.674 (0.668-0.679)0.683 (0.679-0.688)0.733 (0.73-0.736)0.809 (0.806-0.812)    LRc

0.616 (0.61-0.621)0.614 (0.61-0.618)0.689 (0.685-0.692)0.748 (0.745-0.751)    SVMd

0.686 (0.68-0.692)0.689 (0.684-0.694)0.748 (0.745-0.751)0.811 (0.808-0.814)    RFe

0.657 (0.651-0.663)0.689 (0.684-0.694)0.745 (0.741-0.748)0.802 (0.799-0.806)    XGBoostf

Excluding cancer-related features

0.661 (0.656-0.667)0.669 (0.665-0.674)0.713 (0.71-0.716)0.788 (0.786-0.791)    LR

0.611 (0.606-0.617)0.604 (0.6-0.608)0.646 (0.643-0.65)0.725 (0.722-0.729)    SVM

0.663 (0.658-0.668)0.684 (0.679-0.688)0.716 (0.713-0.719)0.77 (0.767-0.773)    RF

0.643 (0.638-0.648)0.662 (0.657-0.666)0.714 (0.711-0.717)0.76 (0.757-0.764)    XGBoost

aAUC: area under the curve.
bCRC: colorectal cancer.
cLR: logistic regression.
dSVM: support vector machine.
eRF: random forest.
fXGBoost: Extreme Gradient Boosting.
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Table 3 provides RC prediction results using the same feature
engineering strategies and 4 prediction windows. Additional
evaluation metrics for RC prediction across all settings can be
found in Tables S3-S4 in Multimedia Appendix 1. Again, after
removing CRC-related features, the XGBoost model achieved
the highest AUC for the 0-year prediction (0.829, 95% CI
0.825-0.834), while RF performed best for the 1-year (0.771,
95% CI 0.766-0.777), and XGBoost did best for 3-year (0.727,
95% CI 0.721-0.732), and 5-year (0.721, 95% CI 0.713-0.729)
predictions for RC. Eliminating cancer-related features resulted

in a performance decrease: XGBoost achieved AUC values of
0.811 (95% CI 0.806-0.815) for 0-year prediction; RF achieved
AUC values of 0.756 (95% CI 0.751-0.76) for 1-year, 0.724
(95% CI 0.718-0.73) for 3-year, and 0.711 (95% CI 0.704-0.719)
for 5-year predictions. Performance metrics exhibited consistent
trends. In both the CC and RC prediction tasks, we observed a
decline in model performance as the prediction window length
increased. Notably, when we removed cancer-related features,
the AUC declined. This highlights the pivotal role these features
play in enhancing prediction performance.

Table . AUCa comparison for rectal cancer prediction using machine learning models across different prediction windows (0, 1, 3, and 5 years).

5-year AUC (95% CI)3-year AUC (95% CI)1-year AUC (95% CI)0-year AUC (95% CI)Feature strategy and model

Excluding CRCb-related features

0.693 (0.686-0.7)0.722 (0.716-0.728)0.763 (0.758-0.767)0.819 (0.815-0.824)    LRc

0.658 (0.65-0.665)0.656 (0.649-0.662)0.694 (0.689-0.699)0.78 (0.774-0.785)    SVMd

0.72 (0.712-0.727)0.719 (0.713-0.726)0.771 (0.766-0.777)0.826 (0.822-0.83)    RFe

0.721 (0.713-0.729)0.727 (0.721-0.732)0.766 (0.762-0.771)0.829 (0.825-0.834)    XGBoostf

Excluding cancer-related features

0.69 (0.683-0.697)0.709 (0.703-0.715)0.748 (0.743-0.752)0.807 (0.803-0.812)    LR

0.656 (0.648-0.663)0.653 (0.646-0.659)0.686 (0.68-0.691)0.767 (0.761-0.772)    SVM

0.711 (0.704-0.719)0.724 (0.718-0.73)0.756 (0.751-0.76)0.806 (0.802-0.81)    RF

0.679 (0.672-0.687)0.724 (0.718-0.729)0.749 (0.744-0.753)0.811 (0.806-0.815)    XGBoost

aAUC: area under the curve.
bCRC: colorectal cancer.
cLR: logistic regression.
dSVM: support vector machine.
eRF: random forest.
fXGBoost: Extreme Gradient Boosting.

To further evaluate model performance, we integrated XGBoost
and RF using soft voting. The AUC fluctuated around 0.01,
showing no significant change from the best prevoting
performance (Table S9 in Multimedia Appendix 1). For temporal
validation, the overall AUC decreased slightly by around 0.02,
suggesting potential distribution shifts over time that may have
affected generalizability. While the model fit earlier data well,
its weaker performance on newer data hints at possible drift
(Tables S5-S8 in Multimedia Appendix 1).

To gain deeper insights into the risk factors associated with
these findings, we present SHAP summary plots for CC and
RC predictions using 2 feature engineering strategies and for
0-year and 3-year prediction windows in Figures 3 and 4.
Supplementary SHAP summary plots for all other models can
be found in Figures S1-S2 in Multimedia Appendix 1. Within
the CC group, several predictors emerged as positively

associated with the risk of CC. Notably, several diagnoses
involving various tumors, such as suspected cancer, secondary
malignant neoplasm, benign neoplasm of uterus, benign
neoplasm of skin, neoplasm of uncertain behavior, neoplasm
of uncertain behavior of skin, cancer of other female genital
organs and myeloproliferative diseases were identified as
influential factors. Gastrointestinal symptoms, encompassing
conditions like gastrointestinal hemorrhage, other disorders of
intestine, other symptoms involving the abdomen and pelvis,
noninfectious gastroenteritis, appendiceal conditions,
diverticulosis and diverticulitis, intestinal obstruction without
hernia, and disorders of the intestine also exhibited a positive
association with CC risk. In addition, medical procedures related
to gastrointestinal diseases and symptoms, including upper
gastrointestinal endoscopy, were significantly associated with
the development of CC.
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Figure 3. SHAP (Shapley Additive Explanations) summary plot of the top 20 features in CC prediction using best-performing models with 0-year and
3-year prediction windows: (A) excluding CRC-related features; (B) excluding cancer-related features. The prefix before the “_” in the y-axis labels of
plots indicates the source of the corresponding features in the PCORnet data model. Specifically, these sources are: Diagnosis (Diag), Procedure (Proc),
Medication (Med), Vital Signs (Vital), and Demographics (Demo). CC: colon cancer; CRC: colorectal cancer; LR: logistic regression; RF: random
forest; XGBoost: Extreme Gradient Boosting.
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Figure 4. SHAP (Shapley Additive Explanations) summary plot of the top 20 features in RC prediction using best-performing models with 0-year and
3-year prediction windows: (A) excluding CRC-related features; (B) excluding cancer-related features. CRC: colorectal cancer; RC: rectal cancer;
XGBoost: Extreme Gradient Boosting.

In the RC group, similar positive predictors were identified,
mirroring the trends observed in the CC group, including
gastrointestinal symptoms (eg, gastrointestinal hemorrhage,
anal, and rectal conditions) and the presence of other cancers
or tumors (eg, secondary malignant neoplasms and benign
neoplasms of the uterus or skin). In addition, the presence of
autoimmunity, diseases associated with a potentially weakened

immune system (eg, HIV, viral warts, and human papillomavirus
[HPV]), and conditions like hemorrhoids were linked to a
heightened long-term risk of RC. Being underweight was a
significant symptom associated with both CC and RC.
Conversely, obesity, overweight, and normal weight appeared
to be negatively associated with RC development. Importantly,
after removing cancer-related features from consideration, the
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significance of anemias surged to the forefront in both the CC
and RC groups. These included indicators such as iron
deficiency anemias and other anemias. Nevertheless,
gastrointestinal diseases and immunodeficiency pathological
changes remained substantial factors contributing to CC risk,
while factors such as HPV and weight retained their significance
as primary determinants of RC. The use of anti-inflammatory
or antirheumatic medications were associated with decreased
risk of RC.

Discussion

Principal Findings
In this study, we used 4 traditional ML algorithms (ie, XGBoost,
RF, SVM, and LR) and obtained informative results predicting
EOCRC using structured EHR data. In most cases, the tree-based
models, (XGBoost and RF) outperformed linear models,
achieving the best AUC scores for various prediction windows.
In addition, even after excluding cancer diagnosis variables (eg,
pancreatic, skin, and thyroid cancer), undergoing cancer-related
procedures (eg, liver biopsy and bone marrow biopsy), cancer
treatments (eg, cisplatin and doxycycline), our models continued
to achieve acceptable AUC scores. Immune and digestive system
disorders, blood diseases, and secondary cancers were identified
as significant predictors.

Comparison to Previous Work
Most of our experimental findings were consistent with existing
published research. Cancer-related diseases and diagnoses
emerged as risk factors leading to the diagnosis of EOCRC,
both for CC and RC. For example, uterine cancer was identified
as a driver of EOCRC, suggesting a potential genetic association
between these malignancies in younger patients [33]. Research
also demonstrates that the incidence rate of second primary
cancers among survivors is significantly higher than cancer in
the general population, and survivors experience notable
morbidity and mortality from their cancer treatment [34]. In
addition, the use of CT scans for other medical reasons could
contribute to the incidental identification of EOCRC cases [35].
Notably, we know that some forms of cancer treatment (eg,
radiation) predisposes one to an increased risk for secondary
malignancies, including EOCRC, particularly in patients
surviving childhood cancer [36].

Inflammatory bowel diseases (IBDs) are well established risk
factors for CRC, particularly during young adulthood. The
chronic inflammation associated with IBD leads to the release
of growth cytokines, excess blood flow, and metabolic free
radicals, all of which contribute to the heightened risk of
developing CRC [37]. Therapies for IBD sometimes involve
immune suppression, another known risk factor for cancers.
Furthermore, many gastrointestinal diseases can cause
malabsorption or malnutrition [38], resulting in patients being
underweight which can also contribute to immune dysfunction
or suppression [39]. However, overweight patients were at low
risk of EOCRC as our analysis demonstrated despite emerging
evidence that being overweight may be associated with an
increased risk of tumor recurrence and colorectal carcinogenesis
[40,41]. The temporal use of antibiotics in relation to subsequent
development of EOCRC is an interesting finding as it supports

several previously reported roles that the gut microbiome may
plan in CRC protection and development [42]. Our analysis
highlighted that the diagnosis of iron deficiency anemia predated
CC, but had less association with rectal cancers. It is logical,
given that CC are situated more proximal in the gastrointestinal
tract, causing occult chronic blood loss and subsequent anemia
rather than overt gross bleeding as is typically evident from RC.

In addition, our study observed a significantly higher incidence
of CRC cases among HIV-infected patients compared to
HIV-uninfected individuals [43]. The heightened risk can be
attributed to disruptions in immune function caused by
immunodeficiency, which exposes individuals to a higher
susceptibility against cancer-causing viruses, including HPV,
Epstein–Barr virus, Kaposi sarcoma-associated herpesvirus,
etc, as evidenced in our analysis [44]. Another notable finding
was the association between CC and diseases of
myeloproliferative disease. Similar to other cancers, the potential
link could be related to genetics, treatments that induce DNA
damage that could predispose to EOCRC, and chronic immune
dysregulation. Overall, our study sheds light on the complex
interplay between IBD, malnutrition, immune function, and
specific blood-related diseases in the development of CRC.
Understanding these relationships is crucial in advancing our
knowledge of EOCRC risk factors and devising targeted
interventions for at-risk populations. It can help health care
providers identify individuals who may benefit most from
screening between the ages of 18 and 44 years. In this
case-control study, we identified several factors independently
associated with an elevated risk of EOCRC. These findings
could inform patient-provider discussions about the need for
and approach to CRC screening and support targeted
interventions to improve screening uptake among high-risk
individuals.

Strengths and Limitations
The strength of our study is to develop an early diagnostic tool
that can help identify individuals at higher risk for EOCRC
before the onset of clinical symptoms or suspicion. To further
clarify, we test the algorithm across different prediction
windows—0, 1, 3, and 5 years—meaning we use data from
these periods before a patient’s first CRC diagnosis to predict
whether they will develop CRC in the future. This approach
enables us to assess how the algorithm can detect early risk
signals well in advance of diagnosis, providing actionable
insights for clinicians to consider for individuals who may not
yet exhibit symptoms or be under suspicion for CRC. For
individuals without clear clinical suspicion (ie, those who are
not yet exhibiting symptoms or are below typical screening
age), our algorithm could serve as a risk stratification tool. By
analyzing real-world data, such as demographic information,
medical history, and other relevant factors, the model can help
identify patients who may benefit from earlier screening or
closer monitoring, even in the absence of overt symptoms. This
can be particularly important in populations with no established
risk factors for CRC, but who may still be at risk for early-onset
cases.

Our study does have several limitations. First, the mechanism
through which identified medical factors are associated with
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EOCRC is speculative. For example, CT scans contributed
significantly to the model’s performance, but the specific reasons
are unclear. EHRs did not record the reason why patients
underwent CT scans. Perhaps some patients obtained CT scans
because of symptoms related to undiagnosed CRC while others
received CT scans for other reasons with the incidental finding
of CRC. It is less likely that CT scans could be associated with
causing CRC due to radiation exposure. For that to occur, the
cumulative lifetime exposure would need to be very high with
exposure over a number of decades for that to occur. Perhaps
CT imaging itself is just a surrogate for access to care whereby
EOCRC is more likely to be eventually diagnosed as opposed
to patients who might expire for other reasons with CRC, but
before a diagnosis. Second, the exclusion of confounder samples
and features posed difficulties, given the lack of universally
accepted standards for phenotype definitions and ambiguous
descriptions. These challenges hindered the design of the most
optimal experiment [45]. Third, our experiments are carried out
based on the EHR data, which inherently contains flaws,
including missing values and potential mistakes in records.
Efforts were made to fill in missing values, but comprehensive
amendments remained challenging. The characteristics of the
EHR data, such as temporality, irregularity, sparsity, and data
imbalance, can result in abnormal outcomes when applying ML
models [46,47]. Fourth, we primarily focused on metrics related
to discrimination or classification (eg, AUC), as we believe
these provide essential insights into how effectively the model
differentiates between cases and noncases. We acknowledge
that a more holistic evaluation—including calibration, fairness,

stability, and net benefit—would provide a fuller picture of the
model’s real-world applicability.

Future Directions
Future research should focus on refining the experimental
design, exploring alternative feature selection techniques,
incorporating large language models based on both ambulatory
and inpatient data, and integrating domain knowledge to enhance
the performance of the prediction models. Ultimately, these
efforts will contribute to early detection and better management
of CRC, with the goal of improving patient outcomes. Using
techniques like Synthetic Minority Over-sampling Technique
or cost-sensitive learning could further improve the model’s
ability to detect the minority class. These methods were not
used in this study but could be considered in future work to
explore their potential impact on model performance, especially
in terms of improving recall for the minority class.

Conclusion
In conclusion, our study demonstrated the potential of traditional
ML algorithms in predicting EOCRC using real-world data for
individuals below the screening age guideline. The identification
of significant predictors and their consistency with academic
research findings provide valuable insights for pursuing
additional hypotheses or targeting potential patients at risk for
EOCRC. However, addressing the challenges and limitations
related to data quality, experimental design, and ML models’
development is essential for improving the accuracy and
reliability of EOCRC prediction models.
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SHAP: Shapley Additive Explanations
SVM: support vector machine
XGBoost: Extreme Gradient Boosting
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Abstract

Background: The application of natural language processing in medicine has increased significantly, including tasks such as
information extraction and classification. Natural language processing plays a crucial role in structuring free-form radiology
reports, facilitating the interpretation of textual content, and enhancing data utility through clustering techniques. Clustering
allows for the identification of similar lesions and disease patterns across a broad dataset, making it useful for aggregating
information and discovering new insights in medical imaging. However, most publicly available medical datasets are in English,
with limited resources in other languages. This scarcity poses a challenge for development of models geared toward non-English
downstream tasks.

Objective: This study aimed to develop and evaluate an algorithm that uses large language models (LLMs) to extract information
from Japanese lung cancer radiology reports and perform clustering analysis. The effectiveness of this approach was assessed
and compared with previous supervised methods.

Methods: This study employed the MedTxt-RR dataset, comprising 135 Japanese radiology reports from 9 radiologists who
interpreted the computed tomography images of 15 lung cancer patients obtained from Radiopaedia. Previously used in the
NTCIR-16 (NII Testbeds and Community for Information Access Research) shared task for clustering performance competition,
this dataset was ideal for comparing the clustering ability of our algorithm with those of previous methods. The dataset was split
into 8 cases for development and 7 for testing, respectively. The study’s approach involved using the LLM to extract information
pertinent to lung cancer findings and transforming it into numeric features for clustering, using the K-means method. Performance
was evaluated using 135 reports for information extraction accuracy and 63 test reports for clustering performance. This study
focused on the accuracy of automated systems for extracting tumor size, location, and laterality from clinical reports. The clustering
performance was evaluated using normalized mutual information, adjusted mutual information , and the Fowlkes-Mallows index
for both the development and test data.

Results: The tumor size was accurately identified in 99 out of 135 reports (73.3%), with errors in 36 reports (26.7%), primarily
due to missing or incorrect size information. Tumor location and laterality were identified with greater accuracy in 112 out of
135 reports (83%); however, 23 reports (17%) contained errors mainly due to empty values or incorrect data. Clustering performance
of the test data yielded an normalized mutual information of 0.6414, adjusted mutual information of 0.5598, and Fowlkes-Mallows
index of 0.5354. The proposed method demonstrated superior performance across all evaluation metrics compared to previous
methods.

Conclusions: The unsupervised LLM approach surpassed the existing supervised methods in clustering Japanese radiology
reports. These findings suggest that LLMs hold promise for extracting information from radiology reports and integrating it into
disease-specific knowledge structures.

(JMIR Cancer 2025;11:e57275)   doi:10.2196/57275

KEYWORDS
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Introduction

Natural language processing (NLP) is vital in medicine as it
allows the interpretation of textual content in medical
documents. Radiology reports, written as free text by
experienced radiologists, contain detailed information about
medical imaging findings. While medical images are valuable,
text-based analysis offers unique advantages in terms of
computational efficiency and the ability to capture expert
interpretations and observations of radiologists that may not be
immediately apparent from images. Natural language processing
can effectively extract this information, enhance its utilization,
and provide new insights into medical imaging.

Advances in radiological NLP applications are driven by the
availability of large datasets [1]. For example, the MIMIC Chest
X-ray (MIMIC-CXR) includes more than 200,000 images,
English-language reports, and structured data [2]. Numerous
NLP models have been developed to summarize and extract
clinical entities [3,4]. However, the availability of these datasets
in languages other than English is limited.

To address this challenge, the NTCIR-16 Real-MedNLP shared
task focused on clustering Japanese radiology reports by case
basis. It is a set of Japanese radiology reports authored by
different radiologists for the same case series of lung cancer,
and the task was to cluster reports that describe the same medical
case together [5]. This benchmark evaluates the detailed
understanding of radiology reports, as NLP systems must extract
sufficient information to recognize reports by diagnosing the
same image without being affected by different writing styles.

Clustering is a powerful analytical tool in medicine and has
been successfully applied in various clinical domains. Studies
have demonstrated its effectiveness in clustering patients based
on their clinical characteristics to guide medical decisions,
ranging from cancer aftercare planning to pulmonary embolism
risk assessment [6,7]. Semantic grouping has enabled efficient
insight discovery in medical documents [8] and revealed

specialty-specific sublanguages in clinical narratives [9].
Radiology reports are particularly suited for such analyses, as
they provide high-quality annotated data despite their free-form
nature, offering a more tractable alternative to direct image
analysis.

While the participants in the NTCIR-16 (NII Testbeds and
Community for Information Access Research) shared task used
deep-learning models, their clustering performance was
constrained by limited training data. Since then, large language
models (LLMs) trained on extensive text corpora, such as
ChatGPT and LLaMA [10,11], have emerged. These LLMs,
which are adaptable to new tasks with minimal instructions or
examples, have demonstrated high performance in extracting
information from medical documents, even under zero-shot
conditions [12].

This study aimed to evaluate the ability of LLM to understand
real radiological reports through an information extraction task
and apply this information to clustering, which is a clinically
meaningful task.

Methods

Study Design and Reporting Guidelines

This retrospective observational study followed the relevant
items of the checklist for Artificial Intelligence in medical
imaging (CLAIM) guidelines for methodology reporting [13,14].
Although this study analyzed text rather than images, CLAIM
was followed because it is an established guideline for AI-based
research in radiology and is deemed appropriate for NLP
[15-17].

Algorithm Overview

The proposed algorithm is illustrated in Figure 1. Using the
LLM, key lung cancer findings were extracted from radiology
reports and quantified to obtain structured data. The structured
data were subsequently used for clustering.

Figure 1. Flowchart of radiology reports clustering using LLM. LLM: large language model.
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Dataset

The MedTxt-RR dataset was used in this study [5,18],
comprising 135 Japanese radiology reports generated by 9
radiologists who interpreted CT images of 15 lung cancer cases
sourced from Radiopaedia [19]. This dataset was used in an
NTCIR-16 shared task [5], where participants competed to
achieve optimal clustering performance. With each case

comprising reports from 9 radiologists, the dataset was suitable
for evaluating the clustering performance on a per-case (Figure
2). Eight cases and seven cases were assigned to the
development and test sets, respectively. While no model training
was conducted using the development set in this study,
performance was evaluated on the same data split to facilitate
comparison with the shared task results.

Figure 2. Overview diagram of the radiology report clustering task.

LLM Approach

Radiology reports contain confidential patient information;
processing them using a cloud-based LLM, such as ChatGPT,
could expose sensitive data externally, raising significant
medical safety concerns. Therefore, a publicly available offline
model was selected as an alternative approach.

The ELYZA-Japanese-Llama-2-7b-fast-instruct model was
employed as the LLM [20]. Adapted from Llama2 and
pre-trained using Japanese datasets, this model demonstrated a
performance comparable to that of GPT-3.5 on Japanese datasets
[21-23].

Information Extraction

The LLM extracted multiple lung cancer staging parameters
from radiology reports, including tumor size, tumor location,
and the presence or absence of lymph node enlargement,

suggesting metastasis and distant metastasis. To determine the
optimal combination of features, clustering performance of the
development set were repeatedly measured by using certain
features. Consequently, sufficient clustering performance was
confirmed achievable using only 3 parameters: tumor size,
laterality (left or right), and lung location (upper, hilum, or lower
region).

The prompt input into the LLM comprises system instructions
and output format guidelines using json (JavaScript Object
Notation), a standardized text-based format for structured
information exchange, where data is organized in key-value
pairs, such as {“size”: “45 mm,” “location”: “right upper lobe”}.
These system instructions guided the LLM in extracting features
from the radiology reports. The details of these prompts are
shown in Figure 3 (English version) and Figure S1 in
Multimedia Appendix 1 (original Japanese version).
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Figure 3. Example of a prompt used as input for the LLM (English translated version). AAH: Atypical Adenomatous Hyperplasia; AIS: Adenocarcinoma
in situ; GGN: Ground Glass Nodule; LLM: large language model; SSN: Subsolid Nodule.

The extracted data were converted into integer vectors
comprising the tumor size and other categorical values.
Unspecified tumor sizes only described as large were replaced
with 71 mm, corresponding to the highest category in T
classification, where T represents tumor categories in cancer
staging. The details of this pipeline can be found in the GitHub
Repository [24].

Moreover, a rule-based method was employed as the baseline
approach and its performance was compared with that of the
proposed method. The rule-based method performs

context-sensitive word-based information extraction; the detailed
algorithm is shown in Figure S2 in Multimedia Appendix 1.

Clustering

The resulting numerical matrices were clustered using the
K-means algorithm in the scikit-learn library (version 1.3.1).
The number of clusters was set to 8, aligning with expected
classifications such as disease type or staging, since it was close
to the number of test data cases. Centroid initialization used the
k-means++ method, with default values for the centroid seed
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and iteration count, because hyperparameter tuning was not
conducted in this zero-shot study.

Information Extraction Evaluation

Two independent radiologists, a radiology resident with 1-year
experience and a board-certified radiologist with 7 years of
experience evaluated the accuracy of extracted information. In
cases of discrepancy, the final assessment was determined by
consensus. Evaluation focused on three key elements: tumor
size, location (upper, hilum, or lower), and laterality (left or
right). The performance of the LLM-based approach was
compared to that of the rule-based method for information
extraction. A detailed error analysis was conducted for cases
with errors, categorizing them into missing information, false
information generation, and extraction of multiple values.

McNemar’s test was performed using Statsmodels (version
0.14.2) [25] to compare performance differences between the
LLM-based and rule-based approaches for extracting tumor size
and location.

Clustering Performance Evaluation

We assessed clustering performance using three metrics similar
to those used in the shared task [5]: (1) normalized mutual
information (NMI) that quantifies the mutual dependence
between two clusters, normalized to a 0‐1 scale, with 1
indicating perfect clustering; (2) adjusted mutual information
(AMI) which is an adjustment that corrects for NMI, accounting
for its tendency to increase with the number of clusters; (3)
Fowlkes-Mallows index (FM) that measures the similarity
between two clusters by calculating the geometric mean of

precision and recall, providing a balanced assessment of
clustering accuracy.

Ethics Consideration

This study involved analysis of human subject data from
publicly available radiology reports. All data were completely
de-identified and accessible through MedTxt-RR [26]. In
accordance with our institution’s policy on research ethics,
studies using exclusively de-identified, public datasets are
exempt from institutional review board approval [27]. No
additional privacy or confidentiality measures were required as
the dataset contains no personally identifiable information, with
all protected health information having been removed prior to
public release.

Results

Information Extraction Performance

The details of the findings targeted at information extraction
are summarized in Table 1 . The tumor size was correctly
identified in 99 (73.3%) of 135 reports. Among the 36 outputs
(26.7%) with errors, 23 (17%) lacked size information in their
reports, and 22 (16.3%) contained false size information. The
remaining errors were attributed to size inaccuracies or empty
values despite size information being mentioned in the reports.
Tumor location and laterality were accurately identified in 112
(83%) reports. All 23 (17%) reports with errors contained the
necessary information but had empty values for laterality,
location, or both, with one output indicating an incorrect
location. The detailed error analysis is presented in Table 2.
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Table . Summary of lung cancer cases.

Data splitDistant metastasisLymph node
metastasis

Size (mm)LobeSideCase no.

DevelopmentNoNo18UpperLeftCase 1

DevelopmentNoNo12LowerRightCase 2

DevelopmentNoNo28UpperLeftCase 3

TestNoNo40UpperLeftCase 4

TestNoYes48UpperLeftCase 5

DevelopmentNoYesNot measurable
(due to invasion)

HilumRightCase 6

TestNoYes55LowerRightCase 7

TestNoNoNot measurable
(due to invasion)

UpperLeftCase 8

DevelopmentYesNo43HilumRightCase 9

TestNoNoNot measurable
(due to invasion)

UpperRightCase 10

DevelopmentNoNoNot measurable
(due to invasion)

UpperRightCase 11

DevelopmentYesNoNot measurable
(due to lung metas-
tasis)

LowerRightCase 12

DevelopmentNoYes78LowerLeftCase 13

TestNoYes85UpperLeftCase 14

TestYesYesNot measurable
(due to invasion)

UpperLeftCase 15

Table . Detailed error analysis of tumor size, location, and laterality extraction from radiology reports using large language model (LLM) and rule-based
methods.

Extraction methodsCategory

Rule-based, n (%)LLMa, n (%)

Tumor size (details)

93 (68.9)99 (73.3)Correctly identified

42 (31.1)36 (26.7)Errors (total)

0 (0)23 (17)Errors (no size information in reports)

0 (0)22 (16.3)False size information generated

0 (0)1 (0.7)T classification extracted instead of size

42 (31.1)13 (9.6)Errors (size mentioned in reports)

3 (2.2)8 (5.9)Size inaccuracies

39 (28.9)5 (3.7)Empty values

Tumor location and laterality (details)

46 (34.1)112 (83)Accurately reported

89 (65.9)23 (17)Errors (total)

0 (0)9 (6.7)Empty values for laterality

0 (0)5 (3.7)Empty values for location

80 (59.3)8 (5.9)Empty values for both

9 (6.7)1 (0.7)Incorrect location

aLLM: large language model
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The rule-based method correctly identified tumor size in 93
(68.9%) reports, whereas tumor location and laterality were
accurately identified in only 46 (34.1%) reports. Among the
errors in this method, only 1 case (0.7%) failed to accurately
extract size information due to the extraction of multiple sizes.
In contrast, for location, the number of errors reached 47
(34.8%) (Figure S3 in Multimedia Appendix 1). Unlike the
LLM approach, due to the algorithmic nature of rule-based
extraction, there were no cases of false-size information
generation. Additionally, as the algorithm extracted laterality
and location simultaneously as a single unit, there were no cases
where only one of these values was empty; both were either
extracted together or left empty.

McNemar’s test showed that the LLM approach was
significantly superior to the rule-based method in determining
location (P<.001) but not size (P=.539).

Clustering Performance

The development data yielded an NMI score of 0.7152, an AMI
score of 0.6516, and an FM index of 0.5959, whereas the test
data yielded scores of 0.6414 (NMI), 0.5598 (AMI), and 0.5354
(FM).

The proposed method outperformed all previous methods in
shared tasks across all evaluation metrics. The detailed results
and methods are listed in Table 3. Further details of each method
are available in a system paper describing this shared task
[28-31].

Table . Clustering scores on the test data.

LLMeSupervised modelFMdAMIcNMIbMethod Description

(System IDa)

NoNo0.26740.19880.3569Developed a matrix
from word count in ra-
diology reports and ap-
plied user-based collab-
orative filtering for
case similarity and
clustering, (D1) [28]

NoYes0.18140.14890.5415Used paired radiology

reports for BERTf in-
put, fine-tuned for
same-case identifica-
tion and clustered
based on predictions,
(E1) [29]

NoNo0.1170–0.01170.1744Generated embeddings
from text via multilin-
gual BERT trained on
Wikipedia, followed by
dimensionality reduc-
tion, and K-means
clustering, (F1) [30]

NoYes0.36220.34090.4622Labels simplified from

the TNMg classifica-
tion of lung cancer
were assigned to each
document using BERT-
based model for train-
ing, and in the test da-
ta, these predicted la-
bels were used as
groups for clustering,
(J1) [31]

YesNo0.53540.55980.6414This study

aThe System IDs are those used in previously shared tasks with the same dataset [5].
bNMI: normalized mutual information
cAMI: adjusted mutual information
dFM: Fowlkes-Mallows index
eLLM: Large language model
fBERT: Bidirectional Encoder Representations from Transformers
gTNM: Tumor, node, metastasis
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Discussion

Principal Findings

The extraction of lung tumor size showed minimal differences
compared to the rule-based method, likely because size
information is typically accompanied by standardized units (eg,
mm or cm). However, the LLM method significantly
outperformed the rule-based method in terms of location
extraction, achieving over 80% accuracy and reducing the error
rate by half. As demonstrated in Figure S3 in Multimedia
Appendix 1, the rule-based method frequently generated
multiple incorrect location extractions when reports mentioned
various anatomical sites, whereas the LLM method successfully
identified the correct tumor location. This finding empirically
demonstrates the LLM’s ability to understand and extract
information based on context rather than predefined rules. This
capability highlights its value for complex information extraction
tasks in medical text analysis, where contextual understanding
is crucial.

Comparison to Prior Work

This paper introduces a Japanese LLM algorithm for zero-shot
information extraction and clustering that outperforms all
previous methods [28-31]. The previous methods (E1, F1, and
J1) relied on indirect features extracted by language models,
whereas the current approach leverages accurate information
extraction through unsupervised learning. The success of this
method is particularly notable, given the historically low
accuracy of unsupervised methods. By leveraging the LLM’s
contextual understanding of information extraction, this study
demonstrated the potential for effective clustering of medical
reports based on various attributes, including disease severity
and lesion localization.

Strengths and Limitations

This study has several notable strengths including its
methodology and implementation. Accurate information

extraction and clustering without supervised learning
requirements represent a significant advancement in the field.
The flexibility of this method through prompt and algorithmic
adjustments suggests broad potential applicability, with potential
for further performance improvements through prompt
optimization [32]. Furthermore, this method shows particular
promise for languages with limited training data compared to
English, by converting unstructured reports into
language-independent structured data, thereby addressing a
crucial gap in current medical text analysis.

However, the limitations must be acknowledged. First,
validation was limited to small-scale Japanese datasets. While
attempts were made to ensure the representativeness of the
dataset by including diverse types of lung cancer cases, this
limitation constrained the generalizability of the study findings
and should be addressed in future studies through
multi-institutional validation. Second, the evaluation focused
primarily on clustering tasks; which although is a fundamental
task in medical text analysis, its performance in other analytical
tasks remains unexplored, suggesting the need for a
comprehensive evaluation across various applications. Third,
while this method shows promise for languages with limited
training data, its generalizability to other languages and medical
domains requires further investigation.

Conclusions

The LLM was used to successfully extract important findings
from publicly available Japanese radiology reports as highly
accurate structured data. By leveraging these structured data,
superior results were achieved compared to existing supervised
methods for clustering radiology reports. This indicates that
employing existing LLMs is effective for solving specific tasks,
particularly in languages with a significant shortage of training
data compared to English.
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Abstract

Background: Defining optimal adjuvant therapeutic strategies for older adult patients with breast cancer remains a challenge,
given that this population is often overlooked and underserved in clinical research and decision-making tools.

Objectives: This study aimed to develop a prognostic and treatment guidance tool tailored to older adult patients using artificial
intelligence (AI) and a combination of clinical and biological features.

Methods: A retrospective analysis was conducted on data from women aged 70+ years with HER2-negative early-stage breast
cancer treated at the French Léon Bérard Cancer Center between 1997 and 2016. Manifold learning and machine learning
algorithms were applied to uncover complex data relationships and develop predictive models. Predictors included age, BMI,
comorbidities, hemoglobin levels, lymphocyte counts, hormone receptor status, Scarff-Bloom-Richardson grade, tumor size, and
lymph node involvement. The dimension reduction technique PaCMAP was used to map patient profiles into a 3D space, allowing
comparison with similar cases to estimate prognoses and potential treatment benefits.

Results: Out of 1229 initial patients, 793 were included after data refinement. The selected predictors demonstrated high
predictive efficacy for 5-year mortality, with mean area under the curve scores of 0.81 for Random Forest Classification and 0.76
for Support Vector Classifier. The tool categorized patients into prognostic clusters and enabled the estimation of treatment
outcomes, such as chemotherapy benefits. Unlike traditional models that focus on isolated factors, this AI-based approach integrates
multiple clinical and biological features to generate a comprehensive biomedical profile.

Conclusions: This study introduces a novel AI-driven prognostic tool for older adult patients with breast cancer, enhancing
treatment guidance by leveraging advanced machine learning techniques. The model provides a more nuanced understanding of
disease dynamics and therapeutic strategies, emphasizing the importance of personalized oncology care.

(JMIR Cancer 2025;11:e64000)   doi:10.2196/64000
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digital twins; artificial intelligence; breast cancer; older adult patients with cancer; treatment; geriatric oncology; geriatric;
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Introduction

Breast cancer is more commonly diagnosed in older populations,
particularly among women aged 65 years and older in wealthier
countries. In the United States, the average age of breast cancer
diagnosis is 62 years, and in 2020, women aged 70 years and
older accounted for 30% of all new cases of the disease [1,2].
In the European Union, women older than 65 years made up
about 44% of all breast cancer cases [3]. However, treatment
approaches for early-stage breast cancer in these older age
groups are often inadequate and unclear, largely due to a lack

of solid evidence and the unreliability of web-based tools for
making decisions about additional therapies, leading to less than
ideal treatment outcomes [4,5].

The treatment plan for breast cancer is tailored based on the
cancer’s characteristics, the patients’ overall health status, and
their personal preferences. Standard care for early-stage breast
cancer usually involves surgery, and may also include radiation,
as well as neoadjuvant or adjuvant systemic therapy, used alone
or in various combinations. Crafting postsurgical treatment
strategies for older patients with breast cancer is complex due
to their typically compromised health and the lack of data from
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clinical trials, since older adults are seldom participants in such
studies and are not well represented in meta-analyses that
evaluate the effectiveness of adjuvant chemotherapy in reducing
breast cancer mortality and improving survival rates [6,7].
Consequently, artificial intelligence (AI) has been investigated
as a potential tool to support decision-making in the context of
limited clinical trial evidence.

Early uses of AI in cancer treatment guidance involved
knowledge-based systems [8,9]. Recently, a broader spectrum
of machine learning methods has been examined to aid both
clinicians and patients with breast cancer [10-15]. Nonetheless,
most decision support tools are designed for patients aged
between 18 and 65 years, reflecting the age group most studied,
with limited research focusing on treatment outcomes for older
patients with breast cancer [16-19]. The prognostic tool
PREDICT [20], although popular, has shown limited
effectiveness for older adult patients [21]. Adjutorium [22],
which uses extensive datasets from the United Kingdom and
the United States, provides more precise prognosis and treatment
benefit predictions for breast cancer than PREDICT. Despite
this, it primarily includes patients aged between 30 and 65 years,
with fewer older patients in its datasets, and omits certain vital
tumor information such as progesterone receptor (PR) status
[19]. Another established tool, Adjuvant! Online, predicts
10-year overall survival, breast cancer survival, and recurrence
rates, commonly used to inform expected outcomes from
endocrine therapy and chemotherapy [23]. Its accuracy is
questionable for older women with early-stage breast cancer,
probably because it was trained on data with a maximum age
limit of 69 years [24]. In a review by Engelhardt et al [25],
various models could forecast breast cancer outcomes, typically
based on genetic risk scores, but only Adjuvant! Online factored
in comorbidity status. Yet, none had been thoroughly validated
in older adult populations. The more recent PORTRET tool was
designed to predict 5-year recurrence, overall mortality, and
mortality from other causes in patients older than 65 years with
early invasive breast cancer, as well as to estimate the benefits
of adjuvant systemic treatment [26]. The tool’s authors observed
that their treatment effect estimates were based on data from
pooled randomized clinical trials, which might not be entirely
applicable to older adults due to the typically selective nature
of older participants in these trials.

This study aims to develop models that overcome the
shortcomings of past research by using cohorts that accurately
reflect the demographic of older patients with breast cancer and
by leveraging a detailed dataset that includes administrative,
biological, treatment, primary tumor, and survival information.
Our latest research uses manifold learning, an advanced tool
for nonlinear dimensionality reduction that excels in unraveling
complex geometric relationships within high-dimensional data,
revealing intricate connections between clinical factors.

We introduce a new prognostic and predictive tool tailored for
older adult patients with breast cancer, providing postoperative
treatment recommendations. This tool is distinctive in its
consideration of the interdependencies among variables within
a patient population. It acknowledges the relative importance
of prognostic factors in a way that many existing models do
not. Our findings are set to be extremely beneficial for

oncologists when determining suitable adjuvant treatment
approaches for older adult patients with breast cancer, taking
into account the nuances of both tumor-related and
patient-specific characteristics.

Methods

Recruitment
In this retrospective study, we examined pseudonymized data
from women aged 70 years and older who received a diagnosis
of early-stage breast cancer and underwent surgery with the
intent to cure (either lumpectomy or mastectomy, with or
without axillary lymph node dissection) at the French Léon
Bérard Cancer Center from January 1997 to December 2016.
The French Léon Bérard Cancer Center is a 300-bed
comprehensive cancer center located in Lyon, France, serving
more than 30,000 patients annually, with a multidisciplinary
team of 2000 health care professionals and a catchment area
covering southeast France.

The inclusion criteria were not limited by the breast cancer’s
histological or molecular characteristics, the size of the tumor,
or the status of the lymph nodes. However, the study did exclude
patients who had noninvasive in situ carcinoma without invasive
carcinoma, HER2 (human epidermal growth factor receptor 2)
positive breast carcinoma, or who presented with distant
metastases at the time of surgery. HER2-positive breast cancer
cases were excluded because these patients typically receive
trastuzumab-based targeted therapies, which dramatically
improved their prognosis following its widespread adoption for
nonmetastatic breast cancer around 2005. In contrast,
chemotherapy protocols for HER2-negative cases remained
consistent during the treatment period of the patients included
in this study, ensuring uniformity in therapeutic strategies and
outcomes across the cohort. The research concentrated on the
5-year survival rates, selecting only those who had at least 5
years of follow-up and whose vital status information was
available.

The database was constructed using ConSore, a data-mining
application developed by UNICANCER [27]. The ConSore
platform extracts data from the electronic health records of the
Léon Bérard Cancer Center, integrating patient demographics,
clinical variables, and treatment details. To ensure accuracy,
each record was also subject to a manual verification process.
Data compiled included demographic details and clinical
features of patients at diagnosis, alongside comprehensive
biological and disease-specific information, and the treatments
administered.

We included the following characteristics for patients diagnosed
with early-stage breast cancer: age; Eastern Cooperative
Oncology Group performance status; BMI; comorbidities such
as diabetes, heart failure, coronary artery disease, chronic
obstructive pulmonary disease, and cognitive impairments;
history of hospitalizations; and polypharmacy. We also gathered
biological indicators at the time of diagnosis, which included
hemoglobin levels, lymphocyte counts, and creatinine clearance.
We extracted data on disease attributes including histological
subtype, hormone receptor status, HER2 status,
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Scarff-Bloom-Richardson (SBR) grade, tumor count, size of
the largest tumor, and the extent of lymph node involvement as
per the Tumor,” “Nodes,” “Metastases (TNM) classification
[28]. The statuses of estrogen receptors (ERs), PRs, and HER2
were determined from the histopathological analysis of
pretreatment biopsies. Hormone receptor negativity was
classified when fewer than 10% of cells were stained for ER
and PR. HER2 negativity was assigned when
immunohistochemistry staining was below 1+. For tumors
scoring 2+, further in situ hybridization tests were conducted
to assess HER2 amplification [29]. Treatment data collected
encompassed the type of surgery performed, lymph node
dissection, and adjuvant treatments including radiotherapy,
chemotherapy, and endocrine therapy.

Outcome, Predictors, and Predictive Power
Outcome was overall survival in 5 years. Due to the high
percentage of missing values for cause of death, cancer-specific
survival was not considered. Nine predictors were selected: age,
tumor size (mm), tumor grade (defined as either SBR low: 1‐2;
or high: 3), number of affected ganglions, hormone-receptor
status (positive if either estrogen or PRs were
immunohistochemically present in ≥10% of tumor cells;
otherwise, patients were classified as triple negative), serum
hemoglobin (g/dL) and lymphocyte count (G/L), BMI, and the
presence of comorbidities.

The initial database, built using ConSore, compiled a range of
clinical, biological, and disease-specific data, along with
information on administered treatments. We aimed for a
predictors representing a mixture of features typically tested
before patients undergo treatment plans. Thus, we excluded
features regarding treatments as (1) we wanted to gauge
prediction accuracies based only on the initial testing of the
patient, and (2) the efficacy of treatment strategies was also an
outcome of interest in the study. We further excluded features
with significant number of missing values so as to limit the loss
of usable data. Creatinine was excluded due to its high
correlation with patient’s age and potential kidney disorders
that are not uncommon in the study’s demographic. The feature
was found to correlate with negative patient outcome, but this
was independent of cancer and introduced a bias. Following
these steps, 9 predictors were isolated, a list comprising both
continuous and categorical variables, as well as an acceptable
mixture of relevant biological and clinical features. Random
Forest Classification (RFC) and Support Vector Classifier (SVC)
were used to evaluate the predictive power of the selected
features. We used 5-fold cross-validation to mitigate overfitting
and ensure the validity of our results.

Model Development and Validation
Patients in the initial cohort with missing values for any of the
9 predictors were cut from the study. The remaining patients
comprised the model development cohort. This was divided
into reference and model data.

Reference Data and Digital Twins
The reference data inclusion criteria were positive outcome for
survival in 5 years and remission without relapse by the last
follow-up. The purpose of this group was to calibrate the our
patented algorithm, generating digital twins for future test
subjects. Digital twins refer to synthetic patient data derived
from the reference group specifically similar in profile to a new
test subject. The model uses these synthetic profiles to recognize
complex variations within the test profile. Thus, digital twins
are generated and used in the model to provide recommendations
on a new patient but do not themselves constitute the result that
a physician would need to interpret.

Model Data
The model data, distinct from the reference data to prevent data
leaking, are the population that is run through the precalibrated
model and scored against the reference group. The data are thus
transformed from raw patient data to a numerical and
standardized representation of their deviation from the reference
group (their digital twins). The purpose of these transformed
data is to populate the model with a range of patient profiles
that will serve for future prognostic analysis.

PaCMAP, Mean-Shift Clustering, and Manifold
Visualization
The transformed model data underwent dimensionality reduction
using PaCMAP (Pairwise Controlled Manifold Approximation)
[30] to generate 3D data referred to as a manifold, permitting
easy visualization. The data were then stratified using mean-shift
clustering [31], a nonparametric, density-based clustering
algorithm that can be used to identify clusters in a dataset
(Figure 1). Each cluster represents a local group of similar
patients in the 3D space. Clusters represent typical patient
profiles in the overall population. The advantage of clustering
is that it captures the variability of subjects of a subgroup for
easy analysis. A better understanding of the cluster and its
variability allows clinicians to assess whether a new test subject
aligns well with the cluster and to identify potential differences.
When considering a new patient, estimates of prognosis and
expected benefits of adjuvant treatment are ascertained by the
examination of cluster-specific treatment outcomes pertinent
to the patient’s clinical profile.
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Figure 1. Graphical representation of the 6 clusters of patients in the 3D manifold space. Patients in the reduced 3D space, or manifold, were grouped
into clusters by their spatial distribution and profile similarity. Clusters were then colored based on the overall mortality rate of included patients. A
newly tested patient is localized on the manifold and represented by a blue sphere.

Prediction of Chemotherapy Benefit
To estimate the benefit of chemotherapy, the position of a new
patient is identified within the 3D manifold. Using the K-nearest
neighbors algorithm, the 15 closest chemotherapy-treated
patients and the 15 nearest non–chemotherapy-treated patients
are pinpointed. Kaplan-Meier (KM) survival curves were plotted
for each of these patient groups, providing a visual estimation
of chemotherapy benefit for a clinical profile.

Validation of Treatment Benefit Predictions With
Kullback-Leibler Divergence
To validate that the distributions of the 2 treatment subgroups
are comparable, we used the Probability Density Function,
which describes the spread of the data points in the 3D space.
To measure the difference between these distributions, we
applied the symmetrized Kullback-Leibler (KL) divergence, a
statistical method that quantifies how much one distribution
differs from another. To assess whether the observed difference

was meaningful or just due to random chance, we conducted a
permutation analysis. This technique works by randomly
shuffling the data multiple times to create many new random
comparisons; comparing the real result with the random results
allows us to determine whether the observed difference between
the distributions was statistically significant. If distributions of
2 different treatment groups were found to be similar, they could
be compared to provide a prediction of treatment benefit.

Model Stability Validation
The original model data were split into 2 groups: 70% (327) of
every cluster was pooled into the training group, and the
remaining 30% (139) was pooled into the test group. A new
manifold learning process was applied to the training group,
and the test group was then projected onto this newly generated
manifold. Patients in the test and model groups from the same
cluster of origin were compared to evaluate whether data points
would exhibit similar distributions (appear in proximity to each
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other) in the new manifold space across 10 different manifold
initializations.

Statistical Analysis

Kullback-Leibler Divergence and Permutation Test
The symmetrical KL divergence was used to measure the
difference between 2 probability distributions. A permutation
test was subsequently conducted to assess the significance of
the observed KL divergence. This involved calculating the KL
divergence for a large number of permutations of the combined
datasets and comparing these values with the original KL
divergence. The P value is calculated as the proportion of
permutations where the KL divergence is as extreme as, or more
extreme than, the original KL divergence calculated between
the actual groups, thus providing a measure of how likely it was
to observe a divergence as extreme as the original, under the
null hypothesis of no difference between the distributions.
Mathematically, this P value is the ratio of the number of
permuted KL divergences that are equal to the original KL
divergence or greater to the total number of permutations. A
low P-value suggests that the observed difference in
distributions is unlikely to have occurred by chance, thus
indicating a significant divergence between the 2 groups.

Survival Analysis using the KM Estimator and Log-Rank
Test
The KM estimator was used to generate survival curves for
different treatment subgroups. The log-rank test, a nonparametric
test, was applied to compare the survival distributions and a P
value was calculated to determine the statistical significance of

the differences observed between the groups. A low P value
suggests that the observed survival curves are significantly
different. The statistical package used for the analysis is
Lifelines 0.30.0 (Lifelines Developers) [32].

Ethical Considerations
This retrospective study involving human subjects was reviewed
and approved by the French data protection authority, the
Commission Nationale de l’Informatique et des Libertés, under
authorization number 9191415, dated October 10, 2019.
According to institutional and national guidelines, no additional
approval from a research ethics board was required, as the data
used were previously collected for clinical purposes. No new
informed consent was required for this study. The analysis was
conducted using data for which participants had provided
general consent at the time of data collection. All data were
pseudonymized prior to analysis to protect patient
confidentiality. No identifiable personal information was
retained in the research dataset. No compensation was provided
to participants.

Results

Cohort Characteristics
A total of 1229 patients comprised the initial cohort. Of these,
793 (65%) remained after entries with missing values were
removed (Figure 2). Eliminating the risk of introducing a bias,
the initial cohorts’demographic and clinical characteristics were
found to be strictly similar to that of the final cohort and are
summarized in Tables 1 and 2.
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Figure 2. Flowchart of data construction.
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Table . Patient characteristics of the initial cohort (N=1229).

ParticipantsCharacteristics

Age at diagnosis (years), n (%)

580 (47)    70‐74

331 (27)    75‐79

204 (17)    80‐84

93 (8)    85‐89

20 (2)    >90

Performance status, n (%)

339 (28)    0

322 (26)    1

48 (4)    2

23 (2)    3-4

497 (40)    Missing data

BMI, n (%)

32 (3)    <18.5

446 (36)    18.5‐25

409 (33)    25‐30

266 (22)    >30

76 (6)    Missing data

Comorbidities, n (%)

57 (5)    Creatinine clearance <40 mL/minute

105 (9)    Heart failure

123 (10)    Coronary artery disease

36 (3)    Chronic obstructive pulmonary disease

174 (14)    Diabetes

Table . Cancer characteristics of the initial cohort (N=1229).

Tumor size

Missing dataT4T3T2T1Status

90 (7)250 (20)36 (3)286 (23)567 (46)Participants, n (%)

Lymph nodes

Missing dataN3N2N1N0    Status

262 (21)55 (4)55 (4)243 (20)614 (50)    Participants, n (%)

Grade SBRa

Missing dataIIIIII    Status

112 (9)281 (23)648 (53)188 (15)    Participants, n (%)

Estrogen receptor

Missing dataNegativePositive    Status

106 (9)145 (12)978 (80)    Participants, n (%)

Progesterone receptor

Missing dataNegativePositive    Status

106 (9)285 (23)838 (68)    Participants, n (%)

aSBR: Scarff-Bloom-Richardson.
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Patient demographics and characteristics were evaluated on the
date of breast cancer diagnosis (Table 1). Median age was 75
years (range: 70‐100 years), with 317/1229 (26%) patients
aged 80 years or older. Performance status was generally good,
as most are categorized as 0 or 1. The main comorbidities were
diabetes (174/1229 patients, or 14%), followed by coronary
artery disease (123/1229 patents, 10%) and cardiac insufficiency
(105/1229 patients, 9%).

The majority presented early-stage tumors (T1 in 567/1229
patients, with a prevalence of 46%), and lymph node
involvement was mostly absent (N0 in 614/1229 patients, or
50%). The tumors were typically SBR grade II and 80%
(978/1229 patients) were ER-positive. Progesterone receptor
positivity was also high at 68% (838/1229 patients). Twelve
percent of patients (149/1229) were reported to have received
chemotherapy (Table 2).

Development Cohort
The final cohort was divided into “reference” and “model”
cohorts for model development (Figure 2). A total of 327

patients, that is, 50% of patients meeting the criteria for
manifold-estimated derivation training were randomly selected.
The purpose of this training group was to calibrate the
manifold-estimated derivation–scoring algorithm. The model
data comprised all remaining patients (466, 59% of the model
development cohort).

Features Performance and Area Under the Curve
Scores
In Figure 3, we ascertained the predictive efficacy of the selected
variables using RFC and SVC. Analyzing the receiver operating
characteristic curves, both models demonstrated commendable
predictive capabilities. RFC yielded a mean area under the curve
(AUC) of 0.81 (SD 0.06) and a mean accuracy of 0.82 (SD
0.02), while SVC followed closely with a mean AUC of 0.76
(SD 0.05) and a mean accuracy of 0.78 (SD 0.01). The
overlapping SDs of these scores suggest that the differences in
their performance are not statistically significant.

Figure 3. Receiver operating characteristic curves for 5-year mortality predictive models. The predictive efficacy of the selected features was ascertained
using Random Forest Classification and Support Vector Classifier. Results are presented as the mean of ROC and AUC values derived from 5-fold
cross-validation. AUC: area under the curve; ROC: receiver operating characteristic; SVC: Support Vector Classifier.

The overall relative importance of variables for the prediction
of the 5-year outcome was also determined by RFC (Table 3).
Age, tumor size, and hemoglobin were the top predictors, closely
followed by lymphocyte count and BMI. Curiously, the cancer
grade, axillary lymph nodes involvement, and the presence of

comorbidities ranked low in overall importance. This indicates
that although typically taken as important factors from a clinical
perspective, comorbidities and cancer grade alone are not the
best prognostic features in a patient; rather, a patient’s overall
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biological profile may be more valuable, underscoring the usefulness of manifold learning as a prognostic tool.

Table . Overall importance of predictors according to Random Forest Classification.

Importance (%)Variable

18.33Age

17.26Tumor size

16.41Hemoglobin (g/dL)

14.84Lymphocytes (g/L)

13.06BMI

10.39Lymph nodes involvement

4.06SBRa grade

2.88ERb status

2.78Comorbidities

aSBR: Scarff-Bloom-Richardson.
bER: estrogen receptor.

Model Stability
Patients in the test and model groups from the same cluster of
origin were compared to evaluate whether data points would
exhibit similar distributions (appear in proximity to each other)
in the new manifold space across 10 different manifold
initializations. The distributions of the test group (n=140)
consistently matched closely with those of the model group
(n=326), with all P values being above the threshold of .05
indicating a lack of significant variation between groups (Figure
S1 in Multimedia Appendix 1).

Prognostic Ability
The primary objective of our study is to evaluate the prognostic
ability of the manifold learning model, as measured by the

5-year survival rate of our population. The 3D clusters in Figure
1 illuminated the landscape of our dataset, representing local
groups of patients characterized by distinct clinical and
prognostic profiles. Clusters are colored based on the overall
mortality rate of included patients: Groups 0, 1, and 4 in green
have the best prognosis with a 5-year survival rate of more than
80% while group 3 has the worst prognosis with a 5-year
mortality rate of at least 35%.

Table 4 further elucidates the variability in values across the
patient clusters, especially in BMI, tumor size (in mm), and
median age, underscoring the diversity in our cohort.

Table . Characteristics of the 6 clusters defined by manifold learning.

ClusterFeature

543210

11.913.3131313.313.4Hemoglobin (g/dL)

2325.628.924.928.425BMI

0.816.21.60.80.6Lymph nodes in-
volved

30.623.165.826.119.319.6Tumor size (mm)

80.579.277.477.876.375.8Age (years)

1.63.41.62.12.11.8Lymphocytes (g/L)

0.900.30.410Comorbidities

110.8011Estrogen receptor
status

0.60.80.50.70.10SBRa (high/low)

aSBR: Scarff-Bloom-Richardson.
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Predictive Ability
Next, we attempted to ascertain the individual benefit of

performing adjuvant chemotherapy, demonstrated in Figure 4
with 3 examples.

Figure 4. Three case examples assessing the individual benefit of adjuvant chemotherapy. (A) The closest chemotherapy-treated and
non–chemotherapy-treated patients to a new patient are identified in the 3D manifold and their survival curves are compared to show the treatment’s
potential benefit or lack thereof. (B) The new patient’s position in the 3D manifold (black star), with the 15 closest patients of each treatment groups
are shown, displaying varying distributions of treatment subgroups. (C) To quantify distances between the subgroups, the real calculated KL divergence
between the treatment groups’distributions (red line) was compared with that of permutated data (blue histograms) to verify whether observed divergences
between treatment subgroups are significant or not. KL: Kullback-Leibler.

When a target patient is localized in the 3D manifold, the closest
patient profiles are identified. This is done for 2 treatment groups
based on whether the patients received chemotherapy (chemo
and nonchemo groups), permitting the visualization of KM
survival curves that would show the treatment’s potential benefit
or lack thereof (Figure 4A).

Figure 4B shows the target patient’s position in the 3D manifold
(black star), with the 15 closest patients of each treatment groups
also marked. In examples 1 and 2, the 2 treatment groups are
found to be well “mixed” in the local vicinity of the target,
indicating that the target profile is well represented by similar
chemotherapy-treated and non–chemotherapy-treated patients.
To quantify distances between the subgroups, we used
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permutation analysis (Figure 4C). The real calculated KL
divergences between the treatment groups’ distributions (red
line) for examples 1 and 2 fall well within the range of what
could be expected by chance (blue histograms) (P>.1), indicating
that the observed divergences are not significant.

Example 3 showcases a situation where patients from the 2
treatment groups are not well mixed in the local vicinity of the
target patient. In this case, the real KL divergence is far right
of the histogram (P<.01), suggesting a significant difference
between the distributions. Thus, the KM survival curves and
any conclusion drawn from them must be taken with
consideration of the heterogeneity in the profiles of the treatment
groups being compared.

Discussion

Principal Findings
From an initial cohort of 1229 patients, we used 793 (65%) to
develop a model that clustered patients by their clinical and
biological features. These clusters represent a potential
prognostic tool for physicians, attributing a risk of mortality in
5 years to patients with consideration to multivariate profiles.
The model is further able to indicate the potential benefit or
lack thereof of chemotherapy treatment in older adult patients.
We found that the predictors used in our model gave a good
overall result of 0.81 and 0.76 AUCs with RFC and SVC,
respectively.

In summation, our multifaceted approach, blending manifold
learning with classical machine learning paradigms and intuitive
data visualizations, has unveiled profound insights into the
prognosis determinants of early-stage breast cancer in older
adults. These revelations bring a more nuanced understanding
of the disease and hold promise for tailoring patient-specific
therapeutic strategies. Our study’s utilization of manifold
learning and advanced machine learning algorithms represents
a significant contribution to oncology. The accuracy of 81% in
differentiating patient subgroups through manifold learning is
impressive, showcasing an advancement beyond traditional
linear models [33]. This approach is in line with recent trends
in personalized medicine [34,35], which discuss the potential
of machine learning in cancer prognosis. The high AUC values
achieved by RFC and SVC reflect the importance of our
combined predictors in medical diagnostics, aligning with the
findings of recent studies on the application of machine learning
in cancer detection [36,37]. The application of data visualization
techniques such as heatmaps and 3D scatterplots in elucidating
complex clinical relationships is noteworthy. This approach is
supported by advancements in data visualization in medical
research, as seen in the study by Borkin et al [38] on how data
visualization supports medical decision-making [39,40].

Limitations
The present results should be interpreted in the light of some
limitations. First, the monocentric nature of the research may
impact the representativeness of the cohort, potentially affecting
the generalizability of our findings. Second, the exclusion of
specific patient characteristics, such as the ONCODAGE score
[41], from our datasets may have limited the comprehensiveness

of our prognostic tools. Third, the retrospective design of the
study constrains our ability to establish causality between
clinical characteristics and patient outcomes. A fourth limitation
concerns the fact that patients may present with or have a history
of multiple comorbidities. We chose to group together patients
with any number of comorbidities for reasons related to (1) the
reduction of the sample size for each category of comorbidity,
and (2) the potential skewing of patient distribution in the 3D
manifold due to multiple related qualitative variables. PaCMAP
is susceptible to “overseparate” the population if provided with
too many binary features. These reasons in mind, we nonetheless
acknowledge that omitting the consideration of multiple
comorbidities is a limitation of the study. Other notable
limitations include the absence of cancer-specific or
treatment-specific survival metrics, a lack of detailed analysis
on specific comorbidities, and the need for more data to enhance
the less populated clusters. Furthermore, the external validation
of our model remains pending, which is crucial for assessing
its generalizability.

Future Prospects
Looking forward, the promising application of manifold learning
in oncology, as demonstrated in our study, aligns with the
burgeoning field of personalized medicine. The integration of
machine learning in personalized cancer therapy, as discussed
by Danishuddin et al [42], supports the potential of such
approaches. The development of advanced AI-driven prognostic
tools, particularly for older adult patients who are often
underrepresented in clinical trials, could revolutionize treatment
guidelines and care approaches. The rapid advancement of
machine learning techniques poses a challenge in ensuring the
longevity and relevance of models, necessitating continuous
updates. This is echoed in the broader context of AI in health
care, as discussed in Topol’s [43] comprehensive review of AI
in medicine. Concerns about the adoption of AI tools due to
accuracy, explainability, and ethical considerations are also
prevalent, as reflected in the exploration of implementing AI
in clinical practice by Char et al [44]. Our findings may open
up avenues for the personalized treatment specifically catered
to neglected populations in oncology, starting with geriatric
patients with breast cancer. We expect our software to provide
rapid guidance to physicians in the process of charting treatment
plans for their patients, going beyond simple monovariate
statistics and instead considering patients’ combined clinical
and biological profiles.

Conclusions
Our study aimed to further the management of early breast
cancer in older adult patients by integrating cutting-edge AI
techniques. We proposed a technique that uses patient data to
create a visualizable 3D map of pathology profiles that allow
rapid prognostic estimations for new patients. These prognostic
predictions include the potential benefits of treatment strategies
such as chemotherapy, aiding clinical decision-making. It
reflects the ongoing evolution in oncology, emphasizing the
importance of tailored treatment strategies and highlighting
both the potential and the challenges of AI applications in health
care. This study also prompts considerations for future research
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directions and ethical implications in the rapidly evolving field of AI in medicine.
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Multimedia Appendix 1
Stability analysis of manifold learning applied to clustered data. The original cohort data were divided into 2 groups; 70% of
every cluster was pooled into the model group, and the remaining 30% was pooled into the test group. A fresh manifold learning
process was applied to the model group, and the test group was then projected onto the newly generated manifold. Patients in the
test and model groups from the same cluster of origin were compared to evaluate whether they would exhibit similar distributions
(appear in proximity to each other) in the new manifold space. (A) Examples of permutation analysis of clusters 0 and 1. The
permutation test determined whether the observed KL (red line) divergence was significantly different from what can be expected
from random shuffling of the 2 groups (blue histograms). (B) Table summarizing the median P values of the stability tests across
10 different manifold initializations. All P values above .05 indicated a lack of significant variation between groups.
[PNG File, 214 KB - cancer_v11i1e64000_app1.png ]
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Abstract

Background: Progression-free survival (PFS) is a crucial endpoint in cancer drug research. Clinician-confirmed cancer
progression, namely real-world PFS (rwPFS) in unstructured text (ie, clinical notes), serves as a reasonable surrogate for real-world
indicators in ascertaining progression endpoints. Response evaluation criteria in solid tumors (RECIST) is traditionally used in
clinical trials using serial imaging evaluations but is impractical when working with real-world data. Manual abstraction of clinical
progression from unstructured notes remains the gold standard. However, this process is a resource-intensive, time-consuming
process. Natural language processing (NLP), a subdomain of machine learning, has shown promise in accelerating the extraction
of tumor progression from real-world data in recent years.

Objectives: We aim to configure a pretrained, general-purpose health care NLP framework to transform free-text clinical notes
and radiology reports into structured progression events for studying rwPFS on metastatic breast cancer (mBC) cohorts.

Methods: This study developed and validated a novel semiautomated workflow to estimate rwPFS in patients with mBC using
deidentified electronic health record data from the Nference nSights platform. The developed workflow was validated in a cohort
of 316 patients with hormone receptor–positive, human epidermal growth factor receptor-2 (HER-2) 2-negative mBC, who were
started on palbociclib and letrozole combination therapy between January 2015 and December 2021. Ground-truth datasets were
curated to evaluate the workflow’s performance at both the sentence and patient levels. NLP-captured progression or a change
in therapy line were considered outcome events, while death, loss to follow-up, and end of the study period were considered
censoring events for rwPFS computation. Peak reduction and cumulative decline in Patient Health Questionnaire-8 (PHQ-8)
scores were analyzed in the progressed and nonprogressed patient subgroups.

Results: The configured clinical NLP engine achieved a sentence-level progression capture accuracy of 98.2%. At the patient
level, initial progression was captured within ±30 days with 88% accuracy. The median rwPFS for the study cohort (N=316) was
20 (95% CI 18-25) months. In a validation subset (n=100), rwPFS determined by manual curation was 25 (95% CI 15-35) months,
closely aligning with the computational workflow’s 22 (95% CI 15-35) months. A subanalysis revealed rwPFS estimates of 30
(95% CI 24-39) months from radiology reports and 23 (95% CI 19-28) months from clinical notes, highlighting the importance
of integrating multiple note sources. External validation also demonstrated high accuracy (92.5% sentence level; 90.2% patient
level). Sensitivity analysis revealed stable rwPFS estimates across varying levels of missing source data and event definitions.
Peak reduction in PHQ-8 scores during the study period highlighted significant associations between patient-reported outcomes
and disease progression.

Conclusions: This workflow enables rapid and reliable determination of rwPFS in patients with mBC receiving combination
therapy. Further validation across more diverse external datasets and other cancer types is needed to ensure broader applicability
and generalizability.
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Introduction

Background and Significance
Real-world evidence (RWE) is increasingly accepted to augment
traditional clinical trial findings to better understand the
effectiveness of oncological interventions. RWE can be
leveraged to improve novel therapy development programs and
provide better postmarket surveillance of approved therapies
[1-3].

Response evaluation criteria in solid tumors (RECIST) is
broadly used to ascertain disease progression in clinical trials.
However, assessing RECIST in retrospective electronic health
record (EHR) data is challenging due to its strict assessment
indicators [4]. RECIST considers changes in the size of
individual target lesions over time and the presence or absence
of new lesions to categorize disease status into complete or
partial response, stable disease, or progression [5]. A similar
assessment paradigm is adopted in routine clinical practice,
where clinicians document the occurrence of progression
through serial clinical and radiological examinations. This
clinician-confirmed cancer progression in unstructured text (ie,
clinical notes) has been shown to serve as a reasonable surrogate
for real-world indicators in ascertaining progression endpoints.
This is also more practical for real-world studies than purely
RECIST-based approaches [6].

In earlier studies across different types of solid tumors,
real-world progression (rwP) was captured either through
manual abstraction from unstructured data or proxy measures
were evaluated based solely on structured drug data [7,8]. Recent
studies have also used machine learning models specifically
trained to automate the capture and characterization of clinician
documentation of tumor response. These specialized models
have shown varying accuracies [9,10]. In the past decade, health
care natural language processing (NLP) frameworks like
Google’s Healthcare Natural Language application programming
interface (API), Amazon Comprehend Medical, IBM Watson
Health, and Microsoft Text Analytics for Health have emerged
and shown promise in clinical concept recognition, entity
linking, and sentiment analysis. However, these general-purpose
NLP frameworks have shown varying degrees of performance
on different data sources [11-13]. While large language models
(LLMs) are rapidly advancing, they currently have limitations
in clinical concept identification and medical relation extraction
as structured outputs for direct application. Even specialized
clinical LLMs require further fine-tuning for such use cases
[14].

We aim to configure a pretrained, general-purpose health care
NLP framework to transform free-text clinical notes and
radiology reports into structured progression events. By
combining these with structured drug records and encounter

data, we will compute real-world progression-free survival
(rwPFS) for metastatic breast cancer (mBC). This work can also
guide other researchers in configuring a general-purpose health
care NLP model to capture rwPFS. Developing a standardized
and automated path for ascertaining rwP could help scale rwPFS
computation across diverse subsets of solid tumors and maintain
a better agreement across real-world studies.

Objectives
We aim to (1) develop and validate a novel semiautomated
workflow that estimates rwPFS in patients with mBC, (2)
explore the essentiality of each model in the general-purpose
NLP framework through ablation analysis, and (3) investigate
additional factors influencing rwPFS, such as the source of
clinician-documented progressions (radiology reports versus
routine clinical notes) and the presence of prior or concurrent
medications during the observation period.

Method

Data Source
This study analyzed deidentified EHR data from a network of
tertiary clinical centers tied to an academic medical center
(Mayo Clinic) in the United States through the Nference nSights
Analytics Platform [15]. In-house tools were used for the
deidentification of EHRs. The tool performs with a recall of
0.992 and a precision of 0.979 on the i2b2 2014 dataset at
replacing protected health information (PHI) with plausible but
fictional surrogates [16]. Overall, the platform hosts data from
approximately 7 million patients from across the United States
of America, with about 1.8 million patients having a mention
of cancer across the structured data. The platform hosts an array
of multimodal data, both structured and unstructured, such as
clinical notes, radiology reports, Digital Imaging and
Communications in Medicine headers, and pathology reports.

Study Design and Definitions
This retrospective observational study demonstrates the
estimation of rwPFS with a workflow that integrates
clinician-reported progression events from free text
(unstructured data) in clinical and radiology documents with
structured patient events like drug orders, clinic or hospital
encounters, and mortality records. The workflow was developed
to leverage the pretrained, general-purpose, deep learning–based
health care NLP framework developed at Nference called the
clinical NLP engine, which enables clinical concept recognition,
sentiment analysis, and linking associated concepts. The models
that are a part of the clinical NLP engine were initially trained
on human-annotated datasets, and later further augmented by
additional ground truth datasets generated by LLM agents from
the same parent EHR data source. A high-level overview of the
workflow is illustrated in Figure 1.
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Figure 1. Methodology flow diagram illustrating the workflow. (A) Workflow for real-world progression (rwP) extraction and determining the real-world
progression-free survival (rwPFS). (B) The methodology for capturing progression from unstructured texts in routine clinical documents and radiology
reports using Nference’s clinical NLP engine that performs clinical concept recognition, association, and sentiment analysis. BERT: Bidirectional
Encoder Representations from Transformers; EHR: electronic health record.

Data Extraction and Augmentation
Breast cancer disease was identified using structured diagnosis
codes 174 (ICD-9 [International Classification of Diseases,
Ninth Revision]), C50 (ICD-10 [International Statistical
Classification of Diseases, Tenth Revision]), and NLP-based
positive model confirmations (augmented curation) of the
disease-related terms in clinical notes [17]. A similar approach
was undertaken for identifying metastatic disease using
structured codes 197, 198 (ICD-9), C78, and C79 (ICD-10).

Further cohort attrition for the study population is outlined in
Figure 2. Hormone receptor status, human epidermal growth
factor receptor-2 (HER-2) status, and Eastern Cooperative
Oncology Group scores were captured from clinical notes using
the clinical NLP engine. A rule-based approach was used to
identify the initiation date of first-line therapy in mBC by
analyzing drug orders and administration records. To ensure
reliability, only orders appearing for the first time after
metastasis diagnosis were included. The same methodology
was extended to identify second-line therapies.
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Figure 2. Cohort attrition diagram: structured codes 174* (ICD-9) and C50* (ICD-10) or >4 positive disease sentiments from the augmented curation
disease diagnosis model were used for breast cancer. For evidence of metastasis, 197*, 198* (ICD-9), C78*, and C79* (ICD-10) in conjunction with
augmented curation were used; * represents all the children codes within the parent code. ECOG: Eastern Cooperative Oncology Group; EHR: electronic
health record; HER-2: human epidermal growth factor receptor-2; HR: hormone receptor; ICD-9: International Classification of Diseases, Ninth Revision;
ICD-10: International Statistical Classification of Diseases, Tenth Revision; NLP: natural language processing.
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Patient Population
The study cohort (N=316) consisted of female patients aged
≥18 years and diagnosed with mBC with hormone
receptor–positive and HER-2–negative status with confirmed
concurrent exposure to palbociclib and letrozole from January
1, 2015, to December 31, 2021 (study period), and with Eastern
Cooperative Oncology Group performance scores of less than
3 around the start of the therapy (±60 d).

Demographics and baseline characterization of the study cohort,
such as prior exposure to therapies, disease stage at the start of
the study, stage at first cancer diagnosis, and other relevant
metrics for the solid tumor of interest, were also documented.

Extracting Progression Events From Unstructured
Text
To develop and evaluate our workflow, an initial rule-definition
set of 200 cases from the overall mBC cohort (N=10,791) was
sampled, and a preliminary manual abstraction was performed.
This evaluation aimed to systematically identify a set of rules
for configuring the baseline clinical concept extraction model
to capture progression. Authors PKM, SKR, VK, and MM used
internal clinical document (CD) exploration tools to cluster
sentences based on initial pattern matches and iteratively refined
these clusters to identify progression-indicative phrases.
Independent reviews of oncology and radiology notes were
conducted to extract commonly occurring phrases indicative of
clinical progression. Authors GV and RHY subsequently
collated these identified patterns into a set of regex search
patterns. These patterns were tested on clinical notes to ensure
they captured the appropriate progression-related contexts while
removing duplicate or irrelevant verbatim such as general report
headers, unrelated phrases (eg, “CR” for complete response or
“PD” for progressive disease without patient-specific context),
and noise. Downstream NLP models were applied to validate
the extracted patterns by mapping the right set of label
combinations that accurately reflected the progression status.
This process was repeated iteratively until a consensus was
reached among the authors, ensuring a robust set of rules for
capturing progression events. The final progression capture
configuration is detailed in Table S1 in Multimedia Appendix
1.

The rwP events were captured by configuring the clinical NLP
engine. This baseline workflow is an ensemble of deep
learning–based multi-BERT (Bidirectional Encoder
Representations from Transformers) framework trained on
unstructured patient data like CDs and radiology reports to
perform named entity recognition and predict the sentiment
labels for subject, temporality, and certainty of the captured
named entities [18]. The ensemble also infers associations
between related entities like disease-severity, drug-disease, and
disease-anatomical_structure, among others. These proprietary
models are fine-tuned versions of SciBERT-cased [19], a
domain-specific transformer model pretrained on scientific text.
The base models underwent further supervised fine-tuning for
classification tasks on annotated sentences from CD texts of
the overall Nference nSights database, but not specifically on
the mBC patient note database. The details regarding their
architecture, training, and performance of the individual models

of the clinical NLP engine are detailed in Note S1 and Table
S2 in Multimedia Appendix 1. The clinical NLP engine also
uses a section header model to identify the clinical note sections
from which the named entities were captured. The rules
determined during the initial abstraction were used to capture
cancer progression.

rwP Definitions
rwP events were identified by the earliest documentation of
disease progression in a clinical or radiology note or by
advancement to a new line of therapy. The addition of a new
chemotherapy, endocrine therapy, or targeted therapy drug after
60 days of exposure to the initiating therapy of interest is
considered line advancement. The following list of drugs were
considered potential second-line drug candidates in the study
period: tamoxifen, fulvestrant, elacestrant, paclitaxel,
carboplatin, abemaciclib, docetaxel, cyclophosphamide,
capecitabine, ribociclib, alpelisib, everolimus, doxorubicin,
epirubicin, 5-fluorouracil, olaparib, talazoparib, ixabepilone,
raloxifene, and toremifene. Censoring events included death,
loss of follow-up, and the end of the observation period.
Progression events captured within the first 30 days of therapy
initiation were excluded as they occurred too early to reflect
treatment effectiveness. The rwPFS was also assessed with
variations in the origin of unstructured data, comparing
radiology reports and CDs as data sources. The key contributing
survival variables used for rwPFS were also stratified to
understand the source of events.

Progression Capture Validation

Overview
For validation of the clinical progression captures, the manual
review and abstraction were performed at 2 levels.

The raw progression captures were evaluated for accuracy
independent of their temporality to the observation period. 1000
captures were sampled from the overall pool of progression
captures for the sentence-level progression capture analysis.

A stratified sample (mBC validation set; n=100) was selected
from the overall study cohort (N=316) to match the progression
event occurrence observed in the overall set. This approach
ensures that the sample mirrors the broader cohort’s
characteristics for a valid comparison in patient-level evaluation
for progression capture. These patients were not part of the
initial rule-definition set and were evaluated for their first
progression events. For the patient-level analysis, the elements
of the confusion matrix were defined to account for temporality.
We classified the captures into 4 categories: (1) true positives:
automated progression captured is within ±30 days of manual
capture; (2) false positives: progression was not found through
manual capture, but automated progression was captured at any
time or automated progression was captured >30 days before
manual capture; (3) true negatives: progression was not found
through manual review, nor was picked up by automated
capture; and (4) false negatives: progression was identified
through manual capture, but the automated method has not
identified any progression (or) automated method captured
progression >30 days after the date captured by manual review.
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Ablation Analysis of the Progression Capture Pipeline
To evaluate the contribution of each workflow component to
the overall performance, an ablation study was performed at 5
strategic points: (1) temporal model ablation, that is, the removal
of the temporality assessment model; (2) subject model ablation,
that is, the removal of the subject assessment model; (3)
certainty model ablation, that is, the certainty assessment model
was removed; (4) all 3 assessment models were removed; and
(5) postprocessing ablation where the postprocessing steps,
specifically the exclusion of specific note sections and dropping
subsequent duplicate mentions of the same note contexts, were
removed. Each ablation was analyzed in isolation to quantify
its respective contribution to the final output’s accuracy, aiding
in identifying critical components of the pipeline and potential
areas for optimization. This step is further illustrated in Figure
S2 in Multimedia Appendix 1.

Validation on the External Dataset
To further assess the generalizability and robustness of the
progression capture pipeline, external validation was performed
using data from a different partner academic medical center
(AMC). In the external dataset, 63 mBC patients on first-line
therapy of the metastatic disease with palbociclib with or without
aromatase inhibitors were identified for this analysis (see Figure
S4 for cohort attrition in Multimedia Appendix 1). Similar
NLP-based data augmentation techniques were applied on the
external dataset for cohort identification. The proposed
progression extraction workflow was applied on the external
dataset for extraction of progression events during the defined
study period (60 months) of the patients. For validation, similar
to the primary cohort, a 2-tier approach was applied, including
sentence-level and patient-level validation. For patient-level
validation, the time of the first progression event in the patient
cohort was manually abstracted and validated. Performance
metrics such as precision, recall, accuracy, and F1-score were
calculated to evaluate the alignment of automated progression
captures with manual annotations.

Sensitivity Analysis on rwPFS Estimates
Two sensitivity analyses were conducted to assess the robustness
of rwPFS estimates: (1) to evaluate the effect of data
incompleteness, 10%, 20%, and 30% of rows capturing
progression events (missingness at random) were systematically
removed from the Kaplan-Meier source data. Median rwPFS
and survival probabilities were descriptively analyzed to
quantify variations introduced by missing records. (2) The
impact of treating death as a progression event versus censoring
was assessed by generating Kaplan-Meier curves under both
scenarios. Differences were evaluated using the log-rank test,
with comparisons of median rwPFS and survival probabilities
at predefined time points. These analyses ensured the robustness
of rwPFS estimates by addressing potential biases from data
structure and event definitions.

Patient-Reported Outcomes and Clinical Progression:
Analysis Using the Patient Health Questionnaire-8
Patient-reported outcomes (PROs) were integrated by analyzing
Patient Health Questionnaire-8 (PHQ-8) scores to complement
clinician-documented progression events. Cumulative declines

and peak reductions in PHQ-8 scores were compared between
progressed and nonprogressed patients using a t test. Peak
reduction was determined as the largest decrease observed
between any 2 recorded scores during the study period.
Cumulative decline, representing the total improvement over
time, was calculated as the sum of all positive reductions
(decline in PHQ-8 value) in scores across all pairwise
comparisons during the study period. This approach aimed to
provide a holistic perspective by linking patient-reported mental
health outcomes to clinical progression.

Outcomes Assessment
The primary outcome was rwPFS, calculated as the time
between the start of the intervention of interest and the first rwP
event captured or a change in the line of therapy for the patient.
The secondary outcome was real-world overall survival (rwOS),
calculated as the time between the start of the intervention of
interest and the date of death. A subgroup analysis was
performed to assess the impact of prior and other concomitant
medications on rwPFS and rwOS in the metastatic setting. The
validation metrics of the primary outcome were reported as
sensitivity, specificity, accuracy, precision, and F1-scores.

Median follow-up time was computed from the date of the start
of therapy till their last encounter in the EHR system. Time to
treatment after the diagnosis of advanced disease (first evidence
of metastasis) and follow-up after the start of therapy were
imputed using the date of the first evidence of metastasis
(identified by structured disease code or NLP-positive
confirmation) and the date of the first structured drug order for
the combination therapy (palbociclib and letrozole) as the anchor
dates, respectively.

Ethical Considerations
This study analyzed deidentified primary patient-level data
extracted from the Nference’s, nSights electronic health record
database under a data-use agreement that obviates the need for
additional institutional review board review. Nference, in
collaboration with the AMC data partner that provided the
deidentified data for this study, has established a secure data
environment, hosted by and within the AMC, that houses the
AMC’s deidentified patient data. The provisioning of and access
to this data are governed by an expert determination that satisfies
the Health Insurance Portability and Accountability Act Privacy
Rule requirements for the deidentification of PHI. Each AMC’s
deidentified data environment is specifically designed and
operated to enable access to and analysis of deidentified data
without the need for institutional review board oversight,
approval, or an exemption confirmation. Participants retain the
right to opt out at any time. The data are accessible only to
authorized users subject to a robust credentialing and
authentication process. Data shown and reported in the
manuscript have been extracted from this environment using
an established protocol for data extraction, aimed at preserving
patient privacy. The data have been deidentified pursuant to an
expert determination in accordance with the Health Insurance
Portability and Accountability Act Privacy Rule. No
compensation was provided to individuals whose deidentified
records were included.
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Statistical Analysis
Data hosted on Nference’s nSights environment were imported
on demand into the secure code workspaces deployed with
Python (version 3.10.6). Missing data imputation was not
undertaken. The analysis workflow uses proprietary Python
packages with APIs for database querying and data
standardization. The descriptive statistics were reported as n
(%) and median, IQR. Loss to follow-up was considered as a
censoring event for survival estimates. The Kaplan-Meier
estimator from the lifelines package 0.27.7 was used in this
analysis. The median rwPFS and rwOS were reported, with a
95% CI.

Results

Workflow Configuration
We applied 3 selection conditions to ensure that the progression
captures from the clinical NLP engine are relevant and
up-to-date with the patient’s current status with respect to the
clinical note or report. First, entities labeled with “YES,”
“PATIENT,” and “CURRENT,” each having a sentiment

prediction confidence of ≥0.9, were deemed relevant. Second,
to address the issue of “copy-forwarding” in clinical notes, only
the first chronological instance of each extracted sentence was
retained. Finally, sentences from “Past History” sections were
excluded, as they are unlikely to reflect events occurring at the
time of documentation. The workflow configuration is illustrated
in Figure 1.

Performance Evaluation
The accuracy of the progression capture was evaluated at 2
levels (Table 1): in level 1, sentence-level progression capture
validation yielded an accuracy of 98.2% for the relevant
progression captures, and in level 2, patient-level validation
yielded an accuracy of 88.0%. Ablation analysis revealed the
essentiality of the individual components of the clinical NLP
engine for progression capture and selection conditions. All
steps except the subject sentiment model labels substantially
contribute to the overall model performance. This model can
be disabled and the workflow performance remains the same.
The patient-level workflow performance at each ablation step
is outlined in Table 2.

Table . Manual validation was performed for progression at 2 levels.

Values

Progression capture analysis in level 1a (manual validation of sampled raw progression captures [n=1000])

99.8%Sensitivity

96.7%Specificity

96.6%Precision

98.2%Accuracy

98.2F1-score

First progression capture analysis in level 2b (manual validation of first progression [n=100])

92.5%Sensitivity

83.0%Specificity

86.0%Precision

88.0%Accuracy

89.1F1-score

aLevel 1: sentence-level review to validate the capture of progression sentiments at the sentence level. At this level, we reviewed the extracted sentences
to ascertain the validity of the progression capture at a sentence level.
bLevel 2: patient-level review to identify the first progression date. Here, we undertook a full review of patient records to ascertain the first progression
capture of the metastatic disease.
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Table . Output of the ablation analysis showcasing the performance metrics at each step.

Validation against manually abstracted patient-level dataset (N=100)

Median PFSa (months), val-
ue (95% CI)

Specificity (%)Sensitivity (%)Accuracy (%)

20 (18‐26)83.092.588.0Overall workflow

19 (15‐23)67.991.579.0Temporal model ablation

20 (18‐26)83.092.588.0Subject model ablation

7 (6-8)20.510042.0Certainty model ablation

6 (5-7)15.610035All 3 sentiment models ablat-
ed

19 (16‐23)76.696.287.0Postprocessing ablation

aPFS: progression-free survival.

Cohort Description
The baseline characteristics are detailed in Table 3. The median
age at metastasis was 59 (IQR 50.5‐69) years. The median
follow-up time after metastasis diagnosis was 43.3 (IQR
28.1‐61.2) months and the median follow-up time after the
start of the therapy was 39.8 (IQR 25.5‐57.9) months. The
starting dose of palbociclib and letrozole was available for

53.2% and 61%, respectively. The median number of drug
orders for palbociclib and letrozole was 6 (IQR 3‐12) and 4
(IQR 2‐7), respectively. The treatment characteristics,
including prior and concomitant exposure to other chemotherapy
agents and a history of prior radiotherapy and breast surgery,
are also detailed in Table 3. The breakdown of outcomes and
censoring events that contributed to the Kaplan-Meier survival
estimates are further detailed in Table 4.
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Table . Study cohort characteristics.

mBC validation set (n=100)Overall mBCa cohort (N=316)Category and variable

Demographics

59.1 (47.8‐69.2)59 (50.5‐68.2)Age at metastasis (y), median (IQR)

100 (100)316 (100)Female gender, n (%)

Ethnicity, n (%)

94 (94)298 (94.3)Not Hispanic or Latino

3 (3)11 (3.5)Hispanic or Latino

3 (3)7 (2.2)Unknown or choose not to disclose

Race, n (%)

95 (95)293 (92.8)Caucasian

1 (1)6 (1.8)Asian

4 (4)17 (5.4)African American or other

Tumor markers, n (%)

100 (100)316 (100)HR-positiveb

68 (68)223 (70.6)ER-positivec and PR-positived

11 (11)27 (8.5)ER-positive and PR-negative

15 (15)50 (15.8)PR-positive and ER-negative

6 (6)16 (5.1)ER, PR status unknown

100 (100)316 (100)HER-2/neu-negativee

Disease severity, n (%)

62 (62)196 (61.1)Patients with confirmed stage IV
[−30,+30] within 30 d of primary

diagnosisf

100 (100)316 (100)ECOGg performance score <3

Disease-related follow-up, median (IQR)

50.8 (38.6‐64.2)43.3 (28.1‐61.2)Follow-up after metastasis (months)

Treatment, n (%)

6 (6)22 (7.5)Prior systemic therapy

38 (38)125 (39.5)Prior radiotherapy

37 (37)128 (40.5)Prior surgical resection

6 (6)36 (11)Other concomitant systemic therapy

Treatment follow-up, median (IQR)

48.6 (37.8‐61.4)39.8 (25.5‐57.9)Follow-up after start of treatment in
months

0.6 (0.2‐1.7)0.5 (0.2‐1.7)Time to treatment after advanced
disease diagnosis in months

amBC: metastatic breast cancer.
bHR: hormone receptor
cER: estrogen receptor.
dPR: progesterone receptor.
eHER-2: human epidermal growth factor receptor-2.
fAll patients included in the study are stage 4 cancer. The provided numbers represent those diagnosed within the stated period.
gECOG: Eastern Cooperative Oncology Group.
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Table . Breakdown analysis of outcomes and censoring events in the mBCa cohort.

Events, n (%)Source of capture

Breakdown of progression events (n=199)

The first event is a progression capture from the pooled sources (n=152)

78 (51.3)Radiology Reports

74 (48.7)Clinical documents

The first event is the start of a second-line drug (n=47)

13 (27.7)Capecitabine

11 (23.4)Everolimus

9 (19.1)Abemaciclib

9 (19.1)Ribociclib

3 (6.4)5-Fluorouracil

1 (2.1)Olaparib

1 (2.1)Cyclophosphamide

Breakdown of censoring events (n=117)

76 (65)Last encounter date

22 (18.8)Patient death date

19 (16.2)End of study period

amBC: metastatic breast cancer.

Outcomes
In the study cohort (N=316), 199 (62.9%) patients progressed
during the observation period (60 mo starting from Jan 1, 2015).
Out of the progressed patients, 152 (48.1%) were based on

progression captures from unstructured data, and 47 (14.8%)
were based on changes in the line of therapy from structured
data. The median rwPFS for the overall cohort was 20 months
(95% CI 18.0‐25.0; Figure 3A). The median rwOS was not
reached during the study period (95% CI 57- not reached [NR]).

Figure 3. Kaplan-Meier survival plots for the overall study cohort and validation sets: (A) Kaplan-Meier survival plots indicating the real-world
progression-free survival (rwPFS) and real-world overall survival (rwOS) in the study cohort of patients with metastatic breast cancer using pooled note
sources. (B) Patient-level validation of first progression capture and comparing outcomes estimated by computational workflow with manual curation.
mBC: metastatic breast cancer.

In the mBC validation set of 100 patients, the median rwPFS
was determined to be 25 (95% CI 15-35) months by manual
curation and 22 (95%CI 15-35) months by the computational
workflow outlined in Figure 3B. Based on the data source for

progression capture, the rwPFS estimated exclusively from
radiology reports was 30 (95% CI 24.0-39.0) months, compared
to 23 (95% CI 19.0-28.0) months when estimated exclusively
from CDs, as represented in Figure 4. Subgroup analysis on the
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rwPFS based on prior or concomitant therapies is detailed in Figure 5.

Figure 4. Kaplan-Meier survival plots for real-world progression-free survival (rwPFS) based on the patient note source. Survival plots indicating the
real-world rwPFS with progressions captured from solitary sources of radiology reports (RR) and routine clinical documents (CD). mBC: metastatic
breast cancer.
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Figure 5. Kaplan-Meier survival curves for subgroup analysis. Each of the subgroups account for different variations in treatment patterns. The survival
curves and risks table showcase the effect of other prior or concomitant systemic therapies on the median real-world progression-free survival (rwPFS).

External Dataset Validation
External validation was conducted using data from a partner
AMC, representing a health system distinct from the main study,
to assess the generalizability and robustness of the progression
capture pipeline. At Level 1, manual validation of 200 sampled
raw progression captures achieved an accuracy of 92.5% and
an F1-score of 92.8%, while Level 2 validation of the first

progression in 61 patients reported an accuracy of 90.2% and
an F1-score of 92.5%. Two patients were excluded from
performance metrics because the textual evidence identified
during manual abstraction of the first progression event was
unavailable to the automated extraction pipeline. Comprehensive
performance metrics, including sensitivity, specificity, and
F1-scores, are detailed in Table 5.
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Table . Manual validation of the progression capture workflow on the external dataset.

F1-scorePrecisionAccuracySpecificitySensitivityValidation step

Level 1

92.8%96%92.5%95.7%89.7%    Manual validation of
sampled raw progres-
sion captures (n=200)

Level 2

92.5%88.1%90.2%78.3%97.4%    Manual validation of
first progression (n=61)

Sensitivity Analysis on rwPFS Estimates
The sensitivity analysis demonstrated that rwPFS estimates
were robust under varying conditions. Systematic removal of
10%, 20%, and 30% of progression events resulted in median
rwPFS values of 20 (95% CI 18-26) months, 20 (95% CI 18-27)
months, 22 (95% CI 18-28) months, and 23 (95% CI 19-29)
months for the complete, 10%, 20%, and 30% datasets,
respectively, with widening CIs indicating increased uncertainty.
Similarly, median rwPFS estimates were comparable when
death was treated as censorship versus a progression event, with
values of 20 months (95% CI 18-25) and 18 months (95% CI
15-21) in the main dataset. These findings, along with
overlapping CIs, indicate that the rwPFS estimates were not
meaningfully affected by missing data or event definitions. See
Figure S5 in Multimedia Appendix 1 for Kaplan-Meier curves
and event tables.

PHQ-8 Outcomes and Disease Progression
Of the 316 patients, 94 had at least 2 PHQ-8 scores recorded
during the study period, including 30 nonprogressed and 64
progressed patients. Nonprogressed patients showed greater
mean peak reduction (5.57, SD 5.90 vs 2.95, SD 4.30;
t92=−2.397, P=.02) and cumulative decline (mean 8.00, SD
12.68 vs 3.66, SD 6.40; t92=−2.201, P=.03) in PHQ-8 scores
compared to progressed patients. See Table S3 in Multimedia
Appendix 1 for details.

Discussion

Overview
The study showcases the development and validation of a novel
semiautomated workflow for estimating rwPFS in patients with
mBC using deidentified EHRs. One of its key strengths lies in
the integration of NLP techniques to extract clinician-reported
progression events from unstructured data sources such as
clinical notes and radiology reports, combined with structured
patient data like drug orders and clinical encounters. This
approach enhances the accuracy and comprehensiveness of
capturing progression events, as evidenced by the high
sensitivity (99.8%) and specificity (96.7%) at the sentence level
with good patient-level accuracy (88%).

While our initial goal was to develop a fully automated
workflow for capturing disease progression, we have
successfully implemented a semiautomated approach. This is
advantageous because the semiautomated method allows for
disease-specific adjustments to clinical concept recognition

configurations, ensuring relevance across various cancer types.
This flexibility underscores the potential for broader
applicability beyond mBC, making it a valuable tool for
oncological research and RWE generation.

Principal Findings
The median rwPFS of 20 months (95% CI 18‐25) reported in
this study is comparable to those reported in previous real-world
studies and clinical trial results, validating the workflow’s
reliability and accuracy [20,21]. Subgroup analysis revealed the
impact of prior and other concomitant medications on median
rwPFS. For instance, the PALOMA-2 trial reported a median
progression-free survival (PFS) of 24.8 months (95% CI
22.1-inf), which is comparable to the real-world observation in
the study subcohort (N=260) of patients who received
palbociclib and letrozole in the first-line metastatic setting
(patients with no other prior or concomitant drugs), which was
23.00 months [22]. A matched comparison between the study
cohort and other real-world cohorts or clinical trials could further
establish the concordance between the survival estimates.
Integrating progression events from both radiology reports and
routine clinical or oncology notes standardizes the identification
of disease progression, mitigating biases and overestimation
that can arise from relying exclusively on a single data source.
Ablation analysis also revealed the futility of using the subject
sentiment analysis model in the workflow, as physicians are
unlikely to describe the progression status of a family member
or a blood relative in the patient’s notes. While this model is
useful for extracting other concepts using the clinical NLP
engine, it has shown no benefit in its usage for progression
capture.

The external validation further demonstrated the robustness and
generalizability of the progression capture workflow across
health systems. Manual validation on this dataset also achieves
high accuracy at the sentence level (92.5%) and at capturing
the first progression event (90.2%). Sensitivity analysis
confirmed that rwPFS estimates were stable, regardless of
whether death was treated as censorship or an event, with
overlapping CIs observed across both scenarios. Sensitivity
analysis confirmed that rwPFS estimates were stable across
varying levels of missing data and event definitions, with slight
increases in median rwPFS and wider CIs under data
incompleteness and overlapping intervals when treating death
as censorship or an event. Furthermore, integration of PHQ-8
outcomes revealed significant associations between
patient-reported mental health and progression status,
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highlighting the potential of PROs to provide complementary
insights.

Comparison to Prior Work
The study also highlights the importance of source data used
for determining rwPFS. Relying solely on radiology reports
overestimated the median rwPFS compared to estimates derived
from both clinical notes and radiology reports combined. The
median rwPFS from the pool of free-text data excluding
radiology reports (23 months) was closer to the median survival
of the overall study cohort with all available pooled free-text
data (20 months) when compared to the median rwPFS
computed from free-text data exclusively from radiology reports
(30 months). This discrepancy can be explained by the
observation that patients can undergo radiological evaluations
outside the EHR data network, with their findings being
documented by treating physicians within the EHR network in
patients’ routine clinical notes. Similar findings were observed
in a previous study that analyzed the impact of source data on
real-world survival estimates [6]. Additionally, relying solely
on structured data like drug records (time to discontinuation or
time to next treatment) as a surrogate for rwPFS has been shown
to underestimate the median rwPFS substantially in a prior study
[23]. PROs provide direct insight into a patient’s symptoms and
quality of life and have been linked to progression-free and
overall survival in prior studies. Although direct comparisons
with alternative workflows were not performed, our method
demonstrates performance metrics that are in line with those
reported in previous studies, warranting further comparative
analyses in future work.

Among other computational techniques for characterizing cancer
response in real-world data (RWD), the use of LLMs has also
shown promise. A prior study evaluating this has shown
GatorTron to be the best-performing model, achieving an
accuracy of 89% at the radiology report level upon fine-tuning
[24]. However, applying LLMs across a broader patient corpus
needs further investigation to fully ascertain their validity and
generalizability. PROs provide direct insight into a patient’s
symptoms and quality of life and have been linked to
progression-free and overall survival in prior studies [25-27].
We have observed significant associations between the decline
in PHQ-8 scores and the patient’s progression status.

Limitations
There are, however, limitations to this study. First, the reliance
on clinician-reported events means that the accuracy of the
workflow is reliant on the quality and completeness of clinical
documentation. Incomplete or inconsistent documentation could
lead to underestimation or overestimation of progression events.
To mitigate this, careful validation of extraction patterns and
data completeness checks were implemented. Second, although
the semiautomated workflow reduces the resource-intensive

nature of manual abstraction, it requires initial manual rule
definition and configuration, which could introduce biases based
on the selected rules and criteria. Representative evaluation
samples were curated across the breast cancer cohorts to reduce
the biases. Third, sensitivity analyses were limited primarily to
variations in clinical text sources and censoring definitions.
Expanding sensitivity analyses to include demographic factors,
alternative definitions of progression, and data-source reliability
could further strengthen the robustness of the findings. Fourth,
augmenting the mortality data with commercial and federal
death registries could enhance the accuracy of survival estimates.
This was not feasible in the present analysis but represents an
important area for future improvement. Fifth, integration of
PROs could provide a more comprehensive understanding of
patient well-being in relation to progression events. However,
demonstrating this in RWD was challenging due to the limited
availability of patient-reported records. Finally, the ensemble
deep learning engine’s performance was evaluated within a
specific cohort of mBC patients; thus, further validation across
more diverse external datasets and different cancer types is
necessary to truly establish the generalizability of the workflow.

Future Directions
These findings align with the growing body of research
advocating for integrating artificial intelligence and machine
learning in health care data analysis, as these technologies can
substantially enhance the speed, accuracy, and breadth of data
processing capabilities. Future work will explore more advanced
text data analysis and extraction methods, such as adaptive
machine learning techniques and LLMs, to minimize manual
import and enhance scalability. Furthermore, by using federated
learning, insights and patterns from diverse populations across
various institutions can be pooled securely, enriching the
model’s generalizability and performance across different health
care settings. The successful implementation of this automated
workflow demonstrates its potential to streamline the data
extraction process from EHRs from various health systems. It
also paves the way for its application in other oncological
studies, where similar challenges in data abstraction exist.

Conclusions
Developing a practical and scalable method for capturing
real-world progression from EHR data is crucial to improving
oncological research and patient care. Overall, this technology
represents a step forward in realizing the full potential of EHR
data in oncology. Our findings establish a workflow for
automated data capture to provide a more efficient and scalable
method than traditional manual processes, particularly in
handling complex, unstructured EHR data. Although the
principles of progression capture remain the same across other
cancer types, further research across other types of solid tumors
is needed to ascertain the generalizability of the workflow.
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Abstract

Background: Diagnosing and managing follicular thyroid neoplasms (FTNs) remains a significant challenge, as the malignancy
risk cannot be determined until after diagnostic surgery.

Objective: We aimed to use interpretable machine learning to predict the malignancy risk of FTNs preoperatively in a real-world
setting.

Methods: We conducted a retrospective cohort study at the Peking University Third Hospital in Beijing, China. Patients with
postoperative pathological diagnoses of follicular thyroid adenoma (FTA) or follicular thyroid carcinoma (FTC) were included,
excluding those without preoperative thyroid ultrasonography. We used 22 predictors involving demographic characteristics,
thyroid sonography, and hormones to train 5 machine learning models: logistic regression, least absolute shrinkage and selection
operator regression, random forest, extreme gradient boosting, and support vector machine. The optimal model was selected
based on discrimination, calibration, interpretability, and parsimony. To address the highly imbalanced data (FTA:FTC ratio>5:1),
model discrimination was assessed using both the area under the receiver operating characteristic curve and the area under the
precision-recall curve (AUPRC). To interpret the model, we used Shapley Additive Explanations values and partial dependence
and individual conditional expectation plots. Additionally, a systematic review was performed to synthesize existing evidence
and validate the discrimination ability of the previously developed Thyroid Imaging Reporting and Data System for Follicular
Neoplasm scoring criteria to differentiate between benign and malignant FTNs using our data.

Results: The cohort included 1539 patients (mean age 47.98, SD 14.15 years; female: n=1126, 73.16%) with 1672 FTN tumors
(FTA: n=1414; FTC: n=258; FTA:FTC ratio=5.5). The random forest model emerged as optimal, identifying mean
thyroid-stimulating hormone (TSH) score, mean tumor diameter, mean TSH, TSH instability, and TSH measurement levels as
the top 5 predictors in discriminating FTA from FTC, with the area under the receiver operating characteristic curve of 0.79 (95%
CI 0.77‐0.81) and AUPRC of 0.40 (95% CI 0.37-0.44). Malignancy risk increased nonlinearly with larger tumor diameters and
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higher TSH instability but decreased nonlinearly with higher mean TSH scores or mean TSH levels. FTCs with small sizes (mean
diameter 2.88, SD 1.38 cm) were more likely to be misclassified as FTAs compared to larger ones (mean diameter 3.71, SD 1.36
cm). The systematic review of the 7 included studies revealed that (1) the FTA:FTC ratio varied from 0.6 to 4.0, lower than the
natural distribution of 5.0; (2) no studies assessed prediction performance using AUPRC in unbalanced datasets; and (3) external
validations of Thyroid Imaging Reporting and Data System for Follicular Neoplasm scoring criteria underperformed relative to
the original study.

Conclusions: Tumor size and TSH measurements were important in screening FTN malignancy risk preoperatively, but accurately
predicting the risk of small-sized FTNs remains challenging. Future research should address the limitations posed by the extreme
imbalance in FTA and FTC distributions in real-world data.

(JMIR Cancer 2025;11:e66269)   doi:10.2196/66269

KEYWORDS

follicular thyroid neoplasm; machine learning; prediction model; malignancy; unbalanced data; literature review

Introduction

Globally, thyroid neoplasms are becoming increasingly prevalent
[1]. Among them, follicular thyroid neoplasms (FTNs) represent
a major type but have garnered significantly less attention
compared to papillary thyroid carcinoma. A key challenge is
that over 95% of FTN cases cannot be reliably distinguished as
benign (follicular thyroid adenoma [FTA]) or malignant
(follicular thyroid carcinoma [FTC]) until diagnostic surgery
[2]. This uncertainty often leads to both over- and
undertreatment of patients with FTN. On one hand, it is
estimated that over 80% of patients who undergo thyroidectomy
might ultimately be diagnosed as benign FTN based on
postoperative pathology [3]. On the other hand, those with
malignant FTN may have already developed distant metastases
to the lungs, bones, or other organs by the time they receive
surgical treatment.

Several guidelines advocate for enhanced screening, accurate
diagnosis, and appropriate treatment for patients with FTN [4,5].
One crucial solution is to develop prediction models to aid
clinical decision-making for these patients. To date, machine
learning has been proven effective in constructing predictive
models for various cancers such as oral, gastrointestinal, and
breast cancers [6-8]. Our literature review also indicated that
machine learning technology excels at capturing complex,
nonlinear relationships and high-dimensional intercorrelations
among predictors [9-12].

However, our literature review revealed several limitations
among most of the existing studies, mainly including (1) small
sample sizes ranging from 18 to 888 participants [13-19], (2)
the ratio of FTA to FTC deviating from the real population

distributions, (3) reliance on simple linear models unable to
capture the complex nonlinearity or interactions underlying
predictor-outcome relationships [14,18], (4) using inappropriate
metrics to evaluate model performance for the unbalanced data
[13-19], (5) lack of assessing the extent to which a predictor
influences the model’s prediction (ie, model interpretability)
[13,16,19], (6) not evaluating whether the predicted probabilities
were consistent with actual outcomes (ie, model calibration) in
the development and validation of clinical prediction models
[20], and (7) predictors are predominantly confined to
sonographic features with limited consideration of other factors
such as the presence of Hashimoto thyroiditis (an autoimmune
disease that may increase the risk for differentiated thyroid
cancer [21]).

To address these limitations, our study has united a
multidisciplinary treatment team for thyroid neoplasms and
accumulated a cohort of over 1500 patients with FTN over the
past decade [22]. This provided us a unique opportunity to
develop and validate clinical prediction models to bridge the
current research gaps in the field of FTN. Specifically, we aimed
to individualize the clinical decision-making for patients with
FTN by using interpretable machine learning to not only predict
the malignancy risk of FTN but also identify the important
predictors that might contribute to the prediction.

Methods

Study Design
This retrospective cohort study followed the suggestions of the
TRIPOD (Transparent Reporting of a Multivariable Prediction
Model for Individual Prognosis or Diagnosis) statement [23].
Figure 1 shows the framework of our study.
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Figure 1. Study framework of the machine learning–based modeling to facilitate the clinical decision-making for patients of FTN. FTN: follicular
thyroid neoplasm; SHAP: Shapley Additive Explanations; TSH: thyroid-stimulating hormone.

Study Population
Our multidisciplinary research team included experts in the
fields of epidemiology, surgery, pathology, ultrasound, and
endocrinology. We conducted a retrospective cohort study at
Peking University Third Hospital in Beijing, China, from
January 2012 to September 2023. Eligible patients were those
who underwent surgery and were pathologically diagnosed with
FTA or FTC following the procedure. Patients were excluded
if they did not undergo ultrasound examinations prior to surgery
or if they had nodules classified as follicular tumors of uncertain
malignant potential (UMPs). This exclusion was based on two
considerations: (1) accurate diagnosis of FTNs required both
an experienced pathologist and a complete biopsy sample. The
key to distinguishing between benign and malignant FTNs was
determining whether the tumor invaded the capsule. Tumors
that invaded the capsule or blood vessels were classified as
FTC, while those that did not were considered FTA. If the
pathologist struggled to assess capsule invasion due to
inexperience, or if the sample was inadequately collected during
surgery, leading to capsule damage, the tumor might not have
been accurately classified as either FTA or FTC. In such cases,
it could have been labeled as a UMP. (2) Through a literature
review, we found that all previous research had excluded UMPs
[13-19]. Therefore, our study also excluded UMPs, enhancing
comparability with prior research. We paid close attention to
the accuracy of the pathological diagnosis of FTN due to its
high professional requirements, which include not only complete
sampling but also a thorough examination of all areas of the
tumor margin. To ensure this, we invited pathologists with
expertise in thyroid tumors to double-check all the
postoperational pathological diagnoses in the study population,

based on the most recent 2022, 5th edition WHO Classification
of Thyroid Neoplasms [24].

It is important to note that our study population reflected the
natural distribution of FTNs (ie, the ratio of FTA and FTC),
resulting in imbalanced data, with 84.57% (n=1414) of cases
was FTA. Specifically, we did not restrict the ratio of FTA to
FTC to 1:1 or any other fixed ratio in the main analyses. This
approach allowed the results from the developed prediction
model to be more readily applicable to external populations
with a similar natural distribution.

Data Sources and Processing
The data for this study were sourced from the electronic health
records, extracted by professional information management
personnel from the hospital’s electronic information system.
For critical data sources like thyroid pathology and neck
ultrasound reports, a tailored data extraction form was designed
using EpiData (EpiData Association), aligning with the study’s
research questions. The form was iteratively refined through
discussions among researchers, surgeons, ultrasound specialists,
and pathologists, followed by trial entries and revisions until
finalized. Trained clinical doctors and medical students
performed manual data entry, with researchers conducting 2
rounds of random checks to ensure accuracy and consistency.
Senior doctors performed a final review to verify data quality.
Missing values were imputed using the mean for continuous
variables and the mode for categorical variables.

Predictors
We selected the predictors to develop the machine
learning–based model based on our systematic review [17,18],
domain knowledge [25-27], and data available. The predictors
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included sonographic features, patients’ age, sex, BMI, whether
or not diagnosed as Hashimoto thyroiditis (an autoimmune
disease that destroys thyroid cells by cell and antibody-mediated
immune processes [28]), and measurements of thyroid
hormones. Specifically, the sonographic features included mean
diameter, composition (solid, predominantly solid,
predominantly cystic, or cystic), echogenicity (hyperechoic,
isoechoic, hypoechoic, or anechoic), taller-than-wide (the length
in the vertical direction is greater than the width in the horizontal
direction: absent or present), margin (circumscribed, ill-defined,
irregular, or lobulated), calcifications (microcalcifications,
macrocalcifications, peripheral calcifications, punctate
echogenic foci of undetermined significance, microcalcifications
with comet-tail artifacts, or no echogenic foci), halo (absent
halo, even thickness halo, uneven thickness halo, or present
halo without evenness of thickness reported), internal blood
flow (absent or present), vascularity (mainly central vascularity,
mainly peripheral vascularity, mixed vascularity, or
avascularity), trabecular formation (typically appears as
elongated, band-like, or fibrous echogenicity, arranged in a
reticular or cord-like pattern: absent or present), and
nodule-in-nodule appearance (a smaller nodule or an area with
different echogenic characteristics is present within a larger
thyroid nodule: absent or present); the measurements at the
latest examination of thyroid hormones included
thyroid-stimulating hormone (TSH), free triiodothyronine, and
free thyroxine; additionally, TSH-related features derived from
all examinations included mean TSH score (interval-adjusted
detailed TSH score) [29], time-adjusted root mean square of
successive differences of TSH [30], mean TSH (mean value of
preoperative TSH), and coefficient of variation of TSH (the
ratio of SD of preoperative TSH to mean value of preoperative
TSH), and detailed definitions were introduced in previous
publication [31]. All selected predictors were carefully checked
by both clinicians and researchers to ensure the accuracy and
reliability of the study results.

Development and Validation of Machine
Learning–Based Models
We established the machine learning–based model as shown in
Figure 1. We selected features, trained models, tuned
hyperparameters, and validated models, as briefly described
below. We used the mlr3 [32] ecosystem in R (version 4.3.3;
R Foundation for Statistical Computing), scikit-learn [33], and
Shapley Additive Explanations (SHAP) [34] in Python (version
3.11.1; Python Software Foundation) to conduct machine
learning.

Feature selection, which aims to reduce the number of features,
offers several benefits including minimizing overfitting,
enhancing model robustness, and accelerating predictions.
Notably, it is particularly advantageous for datasets with a high
feature-to-sample ratio, where the number of features exceeds
the limited size of data points. To identify a core set of predictors
that could effectively predict the outcome without redundancy,
we used a novel information-gain approach for feature selection
[35]. To finalize the optimal model, we also compared model
performance between that with full predictors and that with
selected predictors.

We trained 5 classification models including logistic regression,
least absolute shrinkage and selection operator (LASSO)
regression, random forest, extreme gradient boosting, and
support vector machine. We comprehensively considered and
weighed (trade-off) the performance, calibration, parsimony,
and interpretability of models and selected the most appropriate
one as our prediction model.

The random search and cross-validation were combined to select
model hyperparameters when training the machine learning
model. We performed a random search over more than 45,000
hyperparameter combinations to select the best hyperparameter
combination and trained the final classifiers. Additionally, to
address the issue of imbalance, both oversampling (increasing
the amount of minority class samples with producing new
samples or repeating some samples) and undersampling
(decreasing the amount of majority class samples) techniques
were applied [36].

Evaluation of Model Performance
We evaluated the performance of the developed model in terms
of discrimination (the ability of the model to distinguish between
those with and without the outcome) and calibration (the
consistency or agreement between the observed outcomes and
predicted risks from the model). For discrimination, we first
showed the confusion matrix including the numbers and
percentages of true positive, true negative, false positive, and
false negative. We then calculated both the threshold-free and
threshold-sensitive metrics. Threshold-free metrics included
the area under the receiver operating characteristic curve
(AUROC) and the area under the precision-recall curve
(AUPRC). While AUROC was a common performance metric
for discrimination, AUPRC was considered more useful and
informative for handling the unbalanced data in this study [37].
Threshold-sensitive metrics included sensitivity, precision,
specificity, and accuracy. For calibration, we first plotted
predicted risks (x-axis) against observed outcomes (y-axis)
using a smoothed flexible calibration curve based on individual
data. We also quantitatively assessed calibration using the
calibration slope and calibration-in-the-large.

Interpretation of Model Prediction Results
First, we evaluated the feature importance (ie, the extent of the
model depended on the feature) and the feature interaction by
using the SHAP summary plot and SHAP interaction value
dependence plot (see details in Multimedia Appendix 1) [34].
Second, we figured the partial dependence plots to visualize the
direction of predictor-outcome associations, illustrate whether
the risk of the outcome increased with a rise or decline in the
predictor values, and assess whether this relationship is linear.
Third, we plotted individual conditional expectations curves to
explore potential modifiers that could influence
predictor-outcome associations. Finally, we separated FTC into
2 groups based on whether they were correctly predicted and
compared their characteristics. The significance of differences
between the groups was tested using the Mann-Whitney U test,
as the data did not follow to a normal distribution.
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A Systematic Review of the Previous Studies
We conducted a systematic review of previous studies
addressing similar topics. According to the PRISMA (Preferred
Reporting Items for Systematic Reviews and Meta-Analyses)
guidelines [38] (see details in Checklist 1), we searched
PubMed, Web of Science, Embase, and IEEE Xplore using the
terms “follicular thyroid cancer” and “predict” for papers
published up to October 1, 2023 (see details in Multimedia
Appendix 2). Eligible studies included those that established
prediction models to distinguish FTC from FTA before operation
with various preoperative predictors. We included studies with
either deep learning models, machine learning models,
traditional statistical models, or other relevant methodologies.
Studies were excluded if fewer than 50% of patients had FTN
or if the papers were not written in English.

We evaluated the Thyroid Imaging Reporting and Data System
for Follicular Neoplasm (F-TIRADS) scoring criteria developed
by Li et al [18] to differentiate between benign and malignant
cases in our dataset. These criteria are based on 6 key features:
mean diameter, composition, echogenicity, margin,
calcifications, and trabecular formation. Each specific
characteristic of these features is assigned a corresponding point
value, and the total points across the 6 features indicate the risk
level of FTC. For instance, a total score of 12 points or higher
suggests an FTC risk exceeding 90% (refer to Figure S1 in
Multimedia Appendix 1).

Ethical Considerations
This study was classified as human participant research and was
reviewed and approved by the medical research ethics committee
of Peking University Third Hospital (IRB00006761-M2023168).
As a retrospective analysis, the study was granted a waiver for
additional informed consent. During the data extraction process,
strict confidentiality measures were implemented to ensure
patient privacy and data security. All extracted data were
anonymized, with any information that could directly identify
patients being removed.

Results

Characteristics of the Study Population
Altogether, we included 1539 patients, 1409 of whom had
solitary tumors, and 130 had more than 1 tumor. Thus, a total
of 1672 tumors were included and divided into 2 pathological
types: FTA (n=1414) and FTC (n=258). The characteristics of
the included tumors are listed in Table 1, and the characteristics
of the study population are listed in Table 2. The age of the
included population was 47.98 (SD 14.15) years (n=1530;

missing value=9), the mean BMI was 24.18 (SD 3.66) kg/m2

(n=1475; missing value=64), and the female population made
up 73.16% (n=1126; male: n=342; missing value=71) of all
patients.
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Table . Characteristics of the tumors.

FTCbFTAaCharacteristics

258 (15.43)1414 (84.57)Number of tumors, n (%)

Composition, n (%)

140 (54.26)650 (45.97)Solid

75 (29.07)445 (31.47)Predominantly solid

16 (6.20)161 (11.39)Predominantly cystic

1 (0.39)15 (1.06)Cystic

26 (10.08)143 (10.11)N/Ac

Echogenicity, n (%)

0 (0)7 (0.50)Anechoic

7 (2.71)31 (2.19)Hyperechoic

105 (40.70)660 (46.68)Isoechoic

130 (50.39)547 (38.68)Hypoechoic

16 (6.20)169 (11.95)N/A

Margin, n (%)

166 (64.34)1073 (75.88)Circumscribed

6 (2.33)38 (2.69)Ill-defined

39 (15.12)116 (8.20)Irregular

35 (13.57)69 (4.88)Lobulated

12 (4.65)118 (8.35)N/A

Halo, n (%)

55 (21.32)149 (10.54)Uneven thickness halo

61 (23.64)444 (31.40)Even thickness halo

108 (41.86)602 (42.57)Absent halo

11 (4.26)83 (5.87)Present halo without evenness of
thickness reported

23 (8.91)136 (9.62)N/A

Taller-than-wide, n (%)

214 (82.95)1174 (83.03)Absent

18 (6.98)73 (5.16)Present

26 (10.08)167 (11.81)N/A

Calcifications, n (%)

179 (69.38)1134 (80.20)No echogenic foci

24 (9.30)106 (7.50)Microcalcifications

40 (15.50)117 (8.27)Macrocalcifications

10 (3.88)15 (1.06)Peripheral calcifications

5 (1.94)22 (1.56)Microcalcifications with comet-tail
artifacts

0 (0)20 (1.41)Punctate echogenic foci of undeter-
mined significance

0 (0)0 (0)N/A

Internal blood flow, n (%)

21 (8.14)163 (11.53)Absent

227 (87.98)1183 (83.66)Present
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FTCbFTAaCharacteristics

10 (3.88)68 (4.81)N/A

Vascularity, n (%)

17 (6.59)69 (4.88)Mainly central vascularity

64 (24.81)420 (29.70)Mainly peripheral vascularity

143 (55.43)578 (40.88)Mixed vascularity

0 (0)4 (0.28)Avascularity

34 (13.18)343 (24.26)N/A

Trabecular formation, n (%)

227 (87.98)1224 (86.56)Absent

15 (5.81)30 (2.12)Present

16 (6.20)160 (11.32)N/A

Nodule-in-nodule appearance, n (%)

227 (87.98)1231 (87.06)Absent

15 (5.81)23 (1.63)Present

16 (6.20)160 (11.32)N/A

Mean diameter

2.94 (1.39)2.30 (1.17)Mean (SD) (cm)

0 (0)0 (0)N/A, n (%)

aFTA: follicular thyroid adenoma.
bFTC: follicular thyroid carcinoma.
cN/A: not available data.
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Table . Characteristics of the study population.

FTCbFTAaCharacteristics

Hashimoto thyroiditis, n (%)

129 (51.39)854 (66.30)Absent

83 (33.07)357 (27.72)Present

39 (15.54)77 (5.98)N/Ac

Sex, n (%)

56 (22.31)286 (22.20)Male

183 (72.91)943 (73.21)Female

12 (4.78)59 (4.58)N/A

Age (years)

48.47 (14.68)47.89 (14.05)Mean (SD)

8 (3.19)1 (0.08)N/A, n (%)

BMI (kg/m 2 )

24.67 (3.70)24.08 (3.64)Mean (SD)

5 (1.99)59 (4.58)N/A, n (%)

Thyroid-stimulating hormone (μIU/mL)

1.99 (1.55)1.76 (1.83)Mean (SD)

90 (35.86)325 (25.23)N/A, n (%)

Free triiodothyronine (pg/mL)

3.32 (0.67)3.27 (0.66)Mean (SD)

85 (33.86)326 (25.31)N/A, n (%)

Free thyroxine (ng/dL)

1.26 (0.27)1.27 (0.20)Mean (SD)

85 (33.86)325 (25.23)N/A, n (%)

aFTA: follicular thyroid adenoma.
bFTC: follicular thyroid carcinoma.
cN/A: not available data.

Model Performance in Discrimination and Calibration
We compared performance among 5 models (logistic regression,
LASSO regression, random forest, extreme gradient boosting,
and support vector machine) using the AUROC and AUPRC.
As shown in Multimedia Appendices 3 and 4, the random forest
model performed better in both AUROC and AUPRC than the
other 4 models. With comprehensive consideration of the
discrimination, calibration, parsimony, and interpretability of
models, we selected the random forest model as the optimal.

We developed a random forest model with a total of 22 features:
age, sex, BMI, Hashimoto thyroiditis, thyroid hormones (TSH,
free triiodothyronine, and free thyroxine), ultrasonic predictors
(mean diameter, composition, echogenicity, taller-than-wide,
margin, calcifications, halo, internal blood flow, vascularity,
trabecular formation, and nodule-in-nodule appearance), and
TSH-related variables (mean TSH score, time-adjusted root
mean square of successive differences of TSH, mean TSH, and
coefficient of variation of TSH). After 5-fold cross-validation,
the AUROC of the prediction model was 0.79 (95% CI

0.77-0.81) and the AUPRC was 0.40 (95% CI 0.37-0.44). When
the threshold is gradually lowered from 50%, 40%, 30%, 20%,
and finally to 10%, the accuracy, specificity, and precision
decreased step by step while the sensitivity increased
progressively (Multimedia Appendix 5). The calibration slope
and calibration-in-the-large were 1.16 and 0.13, respectively
(Multimedia Appendix 6).

In addition, we implemented both oversampling and
undersampling techniques to handle the imbalance in our
models. However, following oversampling, the AUROC and
AUPRC were 0.76 and 0.37, respectively, while after
undersampling, the AUROC and AUPRC were 0.77 and 0.39,
respectively. Notably, the model performed better before
applying these sampling methods, with an AUROC of 0.79 and
an AUPRC of 0.40.

Model Performance in Interpretation
The top 5 predictors were the mean TSH score, mean tumor
diameter, mean TSH, coefficient of variation of TSH, and TSH
level (Figure 2). The 5 top predictors did not show explicit
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interactions with the sex or other predictors (Multimedia
Appendix 7). Due to the strong correlation between TSH level
and mean TSH score (correlation coefficient>0.6), we only
plotted the partial dependence and individual conditional
expectation plots for the top 4 features, excluding the TSH level.
The associations between those 4 top continuous features and

prediction probability were nonlinear (Multimedia Appendix
8). In general, the risk of malignancy tended to rise as the mean
tumor diameter or the coefficient of variation of TSH increased,
and the risk of malignancy tended to decrease as the mean TSH
score or the mean TSH increased.

Figure 2. SHAP summary plot. SHAP: Shapley Additive Explanations; TSH: thyroid-stimulating hormone.

Moreover, we compared the characteristics of FTC groups with
incorrect and correct predictions. FTC predicted as FTA by the
model was classified into the incorrect-predicted group, while
FTC predicted as malignant correctly by the model was then
classified into the correct group. The mean diameter of the tumor
was smaller in the incorrect-predicted group compared to the
correct-predicted group (incorrect vs correct mean 2.88, SD cm
1.38 vs mean 3.71, SD 1.36 cm; mean diameter W=1474.5;
P=.02).

A Systematic Review of the Previous Studies
After screening citations, we eventually included 7 studies in
this systematic review (refer to Figure 3). The characteristics
of the included studies are presented in Table 3. The sample
sizes of the studies ranged from 18 to 888 patients [13-19]. The
ratio of FTA to FTC in previous studies varied from 0.64 to
4.00 [13-19], which was much smaller than the ratio observed
in our study (5.50) and in the real population, where the ratio
of FTA to FTC can be as high as 5:1 [3]. In total, 3 studies even

set the ratio close to 1 to address the imbalance [15,17,19]. As
for the model selection, 4 studies developed deep learning
models [13,16,17,19], 1 study used a random forest model [15],
and the other 2 studies only established linear regression models
[14,18], without concerning nonlinear associations or
complicated interactions. Previous studies did not use gene
mutations and other biomarkers as predictive variables. Except
for 1 study from South Korea, which reported an AUROC of
just 0.612 [13], the AUROC of the models in the other studies
ranged from 0.75 to 0.96. However, none of them used AUPRC
as a metric to assess discrimination. As for the interpretation of
the models, Lin et al [15] assessed the feature importance, Tang
et al [14] drew a nomogram, Li et al [18] developed F-TIRADS
scoring criteria, and Yang et al [17] drew a heat map to visualize
the importance of pixel regions, but the other 3 studies did not
further explore interpretability, including feature importance,
or the linear and nonlinear associations and interactions between
features and targets.
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Figure 3. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) study flow diagram. FTN: follicular thyroid neoplasm.
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Table . Characteristics of the included studies.

InterpretationDiscriminationSample size

(n, patients)

External test
set

ModelFeaturesPathological
ratio

(FTAa/FTCb~ra-
tio)

CountryStudy

NoSensitivity:
71.05%; speci-

Training set:
78; validation
set: 229

NoCNNcUltrasound
image

250/83~3.01KoreaSeo et al
(2017) [16]

ficity: 93.19%;
precision:
89.52%; AU-

ROCd: 0.8088

NoANN: preci-
sion: 74.1%;

Training set:
340; valida-

NoANNe and

SVMf

Ultrasound
image

252/96~2.63KoreaShin et al
(2020) [13]

sensitivity:
32.3%; speci-

tion set: leave-
one-out cross-
validation ficity: 90.1%;

AUROC:
0.612; SVM:
precision:
69%; sensitivi-
ty: 41.7%;
specificity:
79.4%; AU-
ROC: 0.605

NoSensitivity:
95.89%; speci-

Training set:
664 images;

NoCNNUltrasound
image

Number of im-
ages: training
set:

ChinaYang et al

(2020)g [19]
ficity: 96.10%;validation set:
precision:166 images;340/324~1.05;
96%; AU-
ROC:0.96

test set: 300
images

validation set:
85/81~1.05;
additional test
set:
154/146~1.05

NomogramSensitivity:
92.9%; speci-

Training set:
140; valida-
tion set: 60

NoLASSOh re-
gression

Computed to-
mography fea-
tures and

clinical fea-
tures and hor-
mone level

112/28~4.00ChinaTang et al
(2021) [14]

ficity: 77.7%;
precision:
80%; AU-
ROC: 0.913
(95% CI
0.850‐0.975)

F-TIRADSi

scoring crite-
ria

LASSO regres-
sion: sensitivi-
ty: 66%; speci-
ficity: 72%;

Pretraining
set: 30; train-
ing set: 703;
validation set:
155

NoLASSO regres-
sion and logis-
tic regression

Ultrasound
features

Training set:
515/188~2.74;
validation set:
122/33~3.70

ChinaLi et al (2023)
[18]

precision:
71%; AU-
ROC: 0.76
(95% CI
0.72‐0.79);
Logistic regres-
sion: sensitivi-
ty: 64%; speci-
ficity: 75%;
precision:
72%; AU-
ROC: 0.75
(95% CI
0.71‐0.79)

JMIR Cancer 2025 | vol. 11 | e66269 | p.1037https://cancer.jmir.org/2025/1/e66269
(page number not for citation purposes)

Shan et alJMIR CANCER

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


InterpretationDiscriminationSample size

(n, patients)

External test
set

ModelFeaturesPathological
ratio

(FTAa/FTCb~ra-
tio)

CountryStudy

Heat mapSensitivity:
66.7%; speci-
ficity: 79.6%;
precision:
73%; AU-
ROC: 0.81
(95% CI,
0.76‐0.86)

Training set:
352; valida-
tion set: 80;
external test
set: 71

YesCNNUltrasound
image

Training set:
705/687~1.02;
validation set:
177/172~1.03;
external test
set:
150/159~0.94

ChinaYang et al
(2023) [17]

Feature impor-
tance

Sensitivity:
100%; speci-
ficity: 43%;
AUROC:
0.792

Training set:
18; validation
set: leave-one-
out cross-vali-
dation

NoRandom forestUltrasound
image features
and clinical
features

7/11~0.64United StatesLin et al
(2024) [15]

aFTA: follicular thyroid adenoma.
bFTC: follicular thyroid carcinoma.
cCNN: convolutional neural network.
dAUROC: area under the receiver operating characteristic curve.
eANN: artificial neural network.
fSVM: support vector machine.
gYang et al (2020) [19] did not report the numbers of patients or nodules.
hLASSO: least absolute shrinkage and selection operator.
iF-TIRADS: Thyroid Imaging Reporting and Data System for Follicular Neoplasm.

Additionally, we tested the F-TIRADS scoring criteria
developed by Li et al [18] with our dataset. The criteria specify
6 key features for scoring. After filtering our data to include
only cases with complete information for these 6 features, we
selected 1025 tumors from 993 patients as an external test set.
When applying the F-TIRADS scoring criteria, the predictive
performance was suboptimal. With a threshold for FTC risk set
at >90%, the model achieved an accuracy of 0.82, sensitivity
of 0.04, specificity of 0.99, and precision of 0.53. When using
a >50% FTC risk threshold, the sensitivity increased to 0.27,
while accuracy, specificity, and precision decreased to 0.79,
0.91, and 0.39, respectively. For threshold-independent metrics,
the AUROC and AUPRC for the F-TIRADS scoring criteria
were 0.47 and 0.59, respectively, in our external test set.

Discussion

Principal Findings
This study systematically established the interpretable machine
learning–based model to address the challenge of clinical
decision-making for the FTN before surgery. We developed a
model using 22 readily available predictors with a preferable
AUROC (0.79, 95% CI 0.77‐0.81). Additionally, the model
demonstrated excellent interpretability, identifying the mean
TSH score, mean tumor diameter, mean TSH, coefficient of
variation of TSH, and TSH level as the most important
predictors. After comparing groups of incorrect-predicted and
correct-predicted FTC, we found that smaller FTCs were more
likely to be misclassified as FTA.

Comparison to Prior Work
It is crucial to evaluate the performance of clinical prediction
models comprehensively, that is, the models should be well
performed in discrimination and calibration. Concerning the
discrimination, our developed model was comparable to that of
previous studies aimed at predicting the malignancy risk of FTN
before surgical treatment. For example, according to Li et al
[18], the AUROC reached 0.76 in the LASSO regression model
consisting of ultrasound features (the ratio of FTA to FTC:
training set: 2.74 and validation set: 3.70); also, in the LASSO
regression model, the AUROC reached 0.913 in discriminating
FTA from FTC on selected clinical parameters, computed
tomography signs, and radiomic features referring to Tang et
al [14] (the ratio of FTA to FTC: 4.00). However, neither study
used AUPRC as the evaluation metric. We also acknowledge
that the model was derived from extremely imbalanced data
(the ratio of FTA to FTC: 5.50), and in this context, the AUPRC
metric for assessing model performance is more informative
and intuitive than the AUROC [37]. For example, the prediction
model might perform relatively well when measured by AUROC
but may perform unsatisfactorily when measured by AUPRC,
in the scenario of imbalanced data. Furthermore, to address the
imbalance in our models, we applied oversampling and
undersampling techniques, but both failed to improve
performance. Our findings were in line with the previous
research, which found that oversampling and undersampling
generally did not enhance prediction models in large
observational health datasets [39]. The possible reasons might
be as follows: (1) oversampling and undersampling would
modify the outcome proportions in the training data, leading to
miscalibration, such as overestimated risks [39]; (2) the synthetic
data generated by oversampling may not accurately represent
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the original distribution of minority class, potentially affecting
classification performance [40]; and (3) undersampling reduced
the number of majority class samples, limiting the model’s
ability to fully use the features of the majority class during
training [41].

As one previous systematic review indicated, calibration was
commonly overlooked during the development and validation
of clinical prediction models [20]. However, calibration metrics
are also important to assess the size of the gap between the
predicted risk probability and the true risk probability. For
instance, grouping can be manipulated to obscure the evaluation
of miscalibration in a particular range without a calibration
curve and its numerical quantification [42]. In general, our
model had relatively good calibration, as the calibration slope
was close to 1 and the calibration-in-the-large close to 0.

Based on the results of our systematic review, most of the
previous studies show relatively satisfying AUROC, but none
of them reported AUPRC. Although Li et al [18] reported a
handy score-risking tool for clinicians to assess the malignancy
risk of FTN at the diagnosis stage, this tool seemed to not
perform ideally in the practice of our data (AUROC 0.47;
AUPRC 0.59; sensitivity 0.04 [threshold 90%] and 0.27
[threshold 50%]).

Limitations and Strengths
We should interpret the study findings cautiously. As with other
single-center studies, the results from this study were limited
in generalizability to patients and clinical settings with distinct
characteristics. However, the pathological diagnosis of FTC
was highly heterogeneous across different clinical settings due
to its challenge in sufficient sampling and accurate diagnosis.
Therefore, we advocated for the standardization of FTC
diagnosis before the conduction of a multicenter study soon.
Additionally, the prediction performance of models, comparable
to the previous work with similar predictors, had room to further
improve. The clinical utility of the screening stage was also less
than ideal. Building on the experiences and lessons learned from
this study, we are conducting a prospective cohort study to
further optimize the model performance through collecting other
costly multidimensional predictors including genomics,
ultrasound images, and videos. Besides, our study was
retrospective in nature, which may introduce selection bias.
Furthermore, we excluded patients with nodules of UMPs,
potentially limiting the model’s accuracy in identifying
borderline follicular tumors. Moreover, our models did not
incorporate other potential predictors, such as genetic markers
(eg, BRAF, TRET, and RAS mutations), computed tomography
or magnetic resonance imaging characteristics, or family history,
due to constraints in data availability.

Our study had several strengths. Our models were advantageous
in the large sample size for the present topic, the clinically
easy-accessible and clinician-validated predictors, and the
comprehensive evaluation with the metrics appropriate for the
nature of the data (imbalanced data) [43]. Furthermore, the
disease distribution of FTA and FTC in the study population
was fully consistent with that of patients with FTN in real-world
settings, that is, we did not deliberately over- or undersample
patients with any type of disease in the model development, as
commonly seen in previous studies [17,18]. As such, findings
from our study had theoretically better fidelity and
generalizability in real-world settings. In addition, we conducted
a systematic review to synthesize findings from previous studies,
comprehensively integrate the evidence, and identify research
gaps.

Future Directions
Our study paved the way for future research in terms of
predictors, models, and targets. Concerning predictors and
models, further studies might consider taking advantage of the
rapidly developing deep learning models and fully using
high-dimension predictors such as ultrasound images and
genomics. In terms of targets, it is important to standardize the
pathological diagnosis of FTC across multiple centers before
conducting a future multicenter study.

Our study is also important for future clinical practice. First,
findings from the interpretation of our models indicate that
clinicians should comprehensively consider patients’ variables
such as thyroid hormones in addition to the ultrasound results.
Second, in a natural distribution population with severely
unbalanced data (FTA is far more than FTC), preoperative
prediction of FTA and FTC by thyroid hormone and ultrasound
features alone may face challenges, especially for relatively
small-sized FTCs, which are easy to miss detection.

Conclusions
In clinical practice, it remained challenging to sensitively screen,
precisely diagnose, and appropriately treat patients with FTN.
Interpretation of our developed machine learning–based model
suggests that clinicians should also pay attention to patients’
variables such as TSH along with tumor size. However, it may
be hard to correctly predict FTNs preoperatively with thyroid
hormone and ultrasound features alone, especially for FTCs
with small sizes. The findings of our study bridged the gaps of
previous work and paved the way for connecting machine
learning to interpretation in the field of FTN research. We call
for subsequent studies to further examine the generalizability
to other contexts.
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Abstract

Background: Next-generation sequencing (NGS) has become a cornerstone of treatment for lung cancer and is recommended
in current treatment guidelines for patients with advanced or metastatic disease.

Objective: This study was designed to use machine learning methods to determine demographic and clinical characteristics of
patients with advanced or metastatic non–small cell lung cancer (NSCLC) that may predict likelihood of receiving NGS-based
testing (ever vs never NGS-tested) as well as likelihood of timing of testing (early vs late NGS-tested).

Methods: Deidentified patient-level data were analyzed in this study from a real-world cohort of patients with advanced or
metastatic NSCLC in the United States. Patients with nonsquamous disease, who received systemic therapy for NSCLC, and had
at least 3 months of follow-up data for analysis were included in this study. Three strategies, logistic regression models, penalized
logistic regression using least absolute shrinkage and selection operator penalty, and extreme gradient boosting with classification
trees as base learners, were used to identify predictors of ever versus never and early versus late NGS testing. Data were split
into D1 (training+validation; 80%) and D2 (testing; 20%) sets; the 3 strategies were evaluated by comparing their performance
on multiple m=1000 splits in the training (70%) and validation data (30%) within the D1 set. The final model was selected by
evaluating performance using the area under the receiver operating curve while taking into account considerations of simplicity
and clinical interpretability. Performance was re-estimated using the test data D2.

Results: A total of 13,425 met the criteria for the ever NGS-tested, and 17,982 were included in the never NGS-tested group.
Performance metrics showed the area under the receiver operating curve evaluated from validation data was similar across all
models (77%-84%). Among those in the ever NGS-tested group, 84.08% (n=11,289) were early NGS-tested, and 15.91% (n=2136)
late NGS-tested. Factors associated with both ever having NGS testing as well as early NGS testing included later year of NSCLC
diagnosis, no smoking history, and evidence of programmed death ligand 1 testing (all P<.05). Factors associated with a greater
chance of never receiving NGS testing included older age, lower performance status, Black race, higher number of single-gene
tests, public insurance, and treatment in a geography with Molecular Diagnostics Services Program adoption (all P<.05).

Conclusions: Predictors of ever versus never as well as early versus late NGS testing in the setting of advanced or metastatic
NSCLC were consistent across machine learning methods in this study, demonstrating the ability of these models to identify
factors that may predict NGS-based testing. There is a need to ensure that patients regardless of age, race, insurance status, and
geography (factors associated with lower odds of receiving NGS testing in this study) are provided with equitable access to
NGS-based testing.
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Introduction

The care of patients with non–small cell lung cancer (NSCLC)
has changed dramatically since the early 2010s, from a
chemotherapy-based approach that was tailored only to the
disease histology (squamous or nonsquamous tumors) to
becoming a disease with multiple actionable biomarkers that
can identify targeted therapies associated with superior outcomes
based on individual patient genomic characteristics [1,2]. This
has led to the adoption of next-generation sequencing (NGS)
recommendations included in treatment guidelines for patients
with NSCLC [3].

Unfortunately, despite these recommendations, multiple studies
have shown that NGS-based testing is not being used for all
patients with advanced or metastatic NSCLC, and only about
half of all patients in some studies receive comprehensive
biomarker testing [4-6]. The reasons for the lack of testing are
unclear but may include barriers to ordering tests, insufficient
tissue, clinical deterioration, or a crisis that requires immediate
care [6]. More recent studies have also demonstrated a racial
disparity in receipt of biomarker testing; patients who are Black
are significantly less likely than those who are White to receive
NGS-based testing in the United States [7].

Studies evaluating the barriers to testing have typically taken a
specific hypothesis-driven a priori categorization of potential
barriers to investigate the lack of testing [6,7]. While certainly
this approach is critical to investigate specific issues such as
racial disparities, this falls short when trying to evaluate the
complexity of care and the multiple and potentially interacting
factors. Clinical prediction models are an alternative approach
to using patient-level evidence to help inform health care
decision makers about patient care. These models have been
used for decades by health care professionals [8]. Traditionally,
prediction models combine patient demographic, clinical, and
treatment characteristics in the form of a statistical or
mathematical model, usually regression, classification, or neural
networks, but deal with a limited number of predictor variables
(usually below 25). Flexible machine learning methods can be
used, by which the researcher does not force the model to
evaluate a limited set of covariates, but rather the models
themselves learn by trial and error from the data to make
predictions, without having a predefined set of rules for
decision-making. Simply, machine learning can be better
understood as “learning from data” [9]. The setting of biomarker
testing provides an opportunity to apply these methods to more
thoroughly explore the factors that are associated with the lack
of recommended biomarker testing.

While machine learning methods have been more commonly
used for biomarker identification and treatment selection, there
is little evidence of these methods applied to the prediction of
biomarker testing itself. To date, the investigations surrounding

the gaps in biomarker testing have remained largely limited to
descriptive research and opinion pieces [10-13]. Therefore, this
study was designed to fill this gap in evidence by applying
machine learning methods to the question of biomarker testing
for patients with advanced or metastatic nonsquamous NSCLC
to determine demographic and clinical characteristics that may
predict receipt of NGS-based testing. A second objective was
to further determine the characteristics that predict receipt of
NGS-based testing (early testing) in accordance with clinical
guidelines that can inform first-line therapy (vs those who
receive NGS-based testing after the first-line therapy is
underway). These objectives were pursued to better understand
factors associated with experiencing barriers to recommended
testing and the timing of such testing to inform future
intervention strategies.

Methods

Data Source
This study used the Advanced NSCLC Analytic Cohort from
the nationwide Flatiron Health electronic health record–derived
longitudinal database, comprising deidentified patient-level
structured and unstructured data, curated via technology-enabled
abstraction [14,15]. The data are deidentified and subject to
obligations to prevent reidentification and protect patient
confidentiality and are not considered human participants in
accordance with the US Code of Federal Regulations [16]. These
deidentified data originate from approximately 280 cancer
clinics (~800 sites of care) in the United States. Patients in this
database are those who have lung cancer ICD (International
Classification of Diseases) codes 162.x (ICD-9 [International
Classification of Diseases, Ninth Revision]), C34x, or C39.9
(ICD-10 [International Statistical Classification of Diseases,
Tenth Revision]) on at least 2 documented clinical visits on
different days occurring on or after January 1, 2011.
Longitudinal patient-level data were available through
November 2021. Patients must further have had pathology
consistent with NSCLC and have advanced or metastatic disease
(diagnosed with stage IIIB, IIIC, IVA, or IVB disease or
diagnosed with early-stage NSCLC and subsequently developed
recurrent or progressive disease).

Definitions of NGS Testing Cohorts
Patients were included in this analysis if they were in the
Flatiron Health Advanced NSCLC Analytic Cohort, had
nonsquamous NSCLC, evidence of receipt of systemic therapy,
and at least 3 months of follow-up in the database. Receipt of
testing by NGS is a field recorded in the electronic medical
record database by the health care provider that was used for
testing identification in this study. The method of NGS testing
(tissue or circulating tumor) is not specified. Patients were
excluded who had evidence of NGS-based testing more than
20 days prior to initial NSCLC diagnosis. Patients meeting the
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inclusion criteria for this study were categorized into 2 groups.
The ever NGS-tested group included patients with at least 1
NGS test recorded in the database. All remaining patients were
included in the never NGS-tested group, as this group was
comprised of patients with no evidence of any NGS test recorded
in the database. Among those in the ever NGS-tested group,
individuals were further subgrouped by the timing of NGS-based
testing. Each patient in the ever NGS-tested group was either
included in the early NGS-tested subgroup, including patients
whose first or only NGS-based test occurred prior to the start
of first-line therapy through day 7 of first-line therapy, or the
late NGS-tested subgroup, all remaining patients whose first
NGS-based test occurred 8 days or later after the start of
first-line therapy. The date of advanced or metastatic diagnosis
was considered the index diagnosis date.

Candidate Predictors
Candidate predictors for receipt and timing of NGS-based testing
were prespecified based on published literature, analyses of
real-world data, and expert input from the field of cancer
diagnostics [4,7,17]. These variables included patient age at
advanced or metastatic diagnosis date (years), sex (male or
female), race (Asian, Black, White, and other), insurance type
(public, private, or other), Eastern Cooperative Oncology Group
(ECOG) performance status (0-4), smoking history (ever vs

never smoker), body weight (kilograms), BMI (kg/m2), practice
setting (academic or community), practice volume (the average
number of those with NSCLC receiving care at the site where
the included patient received care by index year over the period
2011 to 2021), biomarker result (positive, not positive, and not
tested) by each available biomarker (anaplastic lymphoma kinase
[ALK]; epidermal growth factor receptor [EGFR]; V-Raf murine
sarcoma viral oncogene homolog B [BRAF]; Kirsten rat sarcoma
virus [KRAS]; c-ros oncogene 1 [ROS1]; mesenchymal
epithelial transition [MET]; neurotrophic tyrosine receptor
kinase [NTRK]; rearranged during transfection [RET]; and
programmed death ligand 1 [PD-L1]), stage of disease at initial
diagnosis (0-IV), laboratory value (low, normal, high, or not
tested) by blood test (alkaline phosphatase, alanine transaminase,
aspartate transferase, bilirubin, creatinine, lymphocyte count,
red blood cell count, hematocrit, platelet count, white blood cell
count, and hemoglobin), number of non-NGS biomarker tests
received (total number of fluorescence in situ hybridization,

immunohistochemistry, polymerase chain reaction, or other
non-NGS–based tests), as well as 2 variables to identify periods
of environmental changes. The first of these variables
categorized the status of National Comprehensive Cancer
Network (NCCN) Clinical Guidelines: prior to 2016, before
NGS was recommended in the guidelines; 2016-2019, when
broad-based testing was recommended; and 2020 and later,
when NGS-based testing was recommended [18]. The second
variable evaluated the timing of US Food and Drug
Administration approval of drugs that targeted the available
biomarkers: period (1) January 1, 2011-August 25, 2011 (EGFR
drugs only); period (2) August 26, 2011-March 10, 2016
(EGFR+ALK); period (3) March 11, 2016-June 21, 2017
(EGFR+ALK+ROS1); period (4) June 22, 2017-November 25,
2018 (EGFR+ALK+ROS1+BRAF); period (5) November 26,
2018-May 5, 2020 (EGFR+ALK+ROS1+BRAF+NTRK); period
( 6 )  M a y  6 ,  2 0 2 0 - M a y  2 6 ,  2 0 2 1
(EGFR+ALK+ROS1+BRAF+NTRK+MET+RET); and period
( 7 )  M a y  2 7 ,  2 0 2 1 ,  a n d  l a t e r
(EGFR+ALK+ROS1+BRAF+MET+NTRK+RET+KRAS) [19].
Additionally, candidate predictors of Medicare Administrative
Contractor (MAC) region [20] and Molecular Diagnostics
Services (MolDX) Program adoption (yes or no) [21] were
included. These variables explored the policies in place at the
geography in which the patient received care. MACs are private
companies that process claims for Medicare beneficiaries. These
companies are geographically distinct and identifiable by unique
alphanumeric designations (eg, J8=jurisdiction 8) and by private
company names (eg, Noridian and Palmetto) [22]. The MolDX
Program determines the coverage of diagnostic testing in 4
MACs across 28 states [20,21]. Importantly, all candidate
predictor variables were required to be recorded prior to the end
of the early NGS testing period to ensure that no covariates
were recorded after the measurement of the NGS testing
outcome.

The following interactions were deemed to be clinically relevant
and forced into the models for evaluation: smoking and sex,
smoking and NCCN guideline periods, race and insurance type,
age and ECOG performance status, MAC region and public
insurance, and MolDX region and public insurance. The
estimates of the expected direction of these relationships were
defined in the study protocol and are summarized in Table 1.
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Table 1. Expected direction of candidate predictors for next-generation sequencing (NGS) testing.

Expected directionCandidate predictor variable

As year increases, NGS testing is more likely.Year of advanced or metastatic diagnosis

Smoking=no, NGS testing is more likely.Smoking status (yes vs no)

Sex=female, NGS testing is more likely.Sex (male vs female)

Race=Asian or White, NGS testing is more likely.Race (Asian, Black, White, other)

As practice volume increases, NGS testing is more likely.Practice volume (continuous)

BMI=underweight, NGS testing is less likely.BMI (using WHOa categories)

As ECOG performance status increases, NGS testing is less likely.ECOGb performance status (0, 1, 2, 3, or 4)

As weight increases, NGS testing is more likely.Body weight (continuous, in kilograms)

Stage 0-II=NGS is more likely than stage III; stage IV=NGS is more likely than
stage III.

Stage at initial diagnosis (0-I, II, III, or IV)

EGFR=positive, NGS less likely.EGFRc (not tested, positive, not positive) by non-NGS test

ROS1=positive, NGS less likely.ROS1d (not tested, positive, not positive) by non-NGS test

ALK=positive, NGS less likely.ALKe (not tested, positive, not positive) by non-NGS test

BRAF=positive, NGS less likely.BRAFf (not tested, positive, not positive) by non-NGS test

KRAS=positive, NGS less likely.KRASg (not tested, positive, not positive) by non-NGS test

PD-L1=positive, NGS less likely.PD-L1h (not tested, positive, not positive)

As the number of single-gene tests increase, NGS less likely.Number of single-gene tests (continuous)

Practice setting=academic, NGS more likely.Practice setting (academic, community)

This relationship is unknown. It is possible that insurance status=public, NGS
less likely; however, it is possible that in some cases, insurance status=private
only, NGS could be less likely.

Insurance status (public, private, other)

No direction is known.MACi region

While this only applies to Medicare, states may adopt broader policies, and the
relationship is uncertain. MolDX may make NGS more likely, but it is largely
unknown.

MolDXj

NCCN guidelines=NGS, NGS more likely.NCCNk guidelines (pre, broad, or NGS)

As drug approval periods increase, NGS more likely.Drug approval periods (1, 2, 3, 4, 5, 6, 7)

The direction of a single laboratory value is unknown. However, generally one
would expect multiple out-of-range values to reflect poor health and may make
NGS less likely, but the a priori assumed direction is unknown.

Laboratory values (high, normal, low, not tested) for alkaline
phosphatase, alanine transaminase, aspartate transferase, bilirubin,
creatine, lymphocyte count, red blood cell count, hematocrit,
platelet count, white blood cell count, hemoglobin

aWHO: World Health Organization.
bECOG: Eastern Cooperative Oncology Group.
cEGFR: epidermal growth factor receptor.
dROS1: c-ros oncogene 1.
eALK: anaplastic lymphoma kinase.
fBRAF: V-Raf murine sarcoma viral oncogene homolog B.
gKRAS: Kirsten rat sarcoma virus.
hPD-L1: programmed death ligand 1.
iMAC: Medicare Administrative Contractor.
jMolDX: Molecular Diagnostics Services.
kNCCN: National Comprehensive Cancer Network.

Statistical Analysis
Descriptive analyses were conducted to summarize available
data and to understand the extent of missingness in the database.

Categorical variables were assessed using a 1-sided chi-square
test or Fisher exact test and continuous variables using a 2-sided
t test. Missing values were imputed using the random forest
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missing data algorithm (impute.rfsrc function in R package
randomForestSRC) [23].

Three modeling strategies were used to identify potential
predictors of NGS-based testing with 2 sets of outcomes for
ever versus never NGS-tested (model 1) and early versus late
NGS-tested (model 2). The 3 modeling strategies included
logistic regression (LR) models, penalized logistic regression
(PLR) using least absolute shrinkage and selection operator
(LASSO) penalty, and extreme gradient boosting (XGBoost)
with trees as base learners. LR was implemented using forward
selection on the main effects and predefined interactions (listed
earlier), starting with the predefined variables and adding the
most significant terms to the model. PLR was implemented
using sparse group LASSO on the main effects and predefined
interactions, forcing some predefined variables into the model
with the penalty selected using 5-fold cross-validation. XGBoost
is a decision tree–based machine learning algorithm [24]. The
model matrix for XGBoost was built using main effects and
predefined interactions. Hyperparameters were selected based
on 5-fold cross-validation over a grid search, and
hyperparameters included the shrinkage (learning rate), the
number of trees, and tree depth. Table S1 in Multimedia
Appendix 1 contains the full list of hyperparameters used in
this study. The data extraction approach and modeling process
is summarized in Figure 1.

In step 1, data were extracted based on the prespecified inclusion
and exclusion criteria. Step 2 involved variable recoding, which
included transforming all categorical variables with missing
information by creating an additional level to represent missing
data. Step 3 was a data quality method used to identify any
unusual observations that needed to be excluded or recoded in
addition to any imputation that was required. Steps 4 to 6 outline
the implementation of models, evaluation of the performance
of these models, and interpretation of the final features selected
using LR. Figure 2 provides an overview of the model strategy

evaluation process for the 2 outcomes mentioned in step 4 of
Figure 1.

First, the data were split into D1 (training+validation; 80%) and
D2 (testing; 20%) sets. Then, the 3 strategies were evaluated
by comparing their performance on multiple m=1000 splits in
the training (70%) and validation data (30%) within the D1 set.
Specifically, for each split, all 3 strategies were fit to training
data, and performance measures (eg, area under the receiver
operating curve) were computed on the validation data.
Modeling was done using R packages, sparsegl was used for
LASSO, XGBoost for gradient boosting, and PRROC, which
computes the areas under the precision-recall and ROC curve,
for performance measures. PLR and XGBoost involved
hyperparameters that were fine-tuned using 5-fold
cross-validation nested within training datasets. Prediction
models were developed on 2 different groups: ever versus never
and early versus late NGS-tested groups. In total, 146 features
(including all levels of all variables) were entered into both the
XGBoost and LASSO models, with only 36 features (main
effects and interactions) being used in the LR model.
Preselection of features consisted of excluding variables that
have little to no association with the outcomes of interest.

The final model was selected by evaluating performance as
described earlier (area under the receiver operating curve from
validation data) and by considering the simplicity and clinical
interpretability. Model performance was re-estimated using the
test data D2. For the final model choice, the features with
nonzero coefficients selected by PLR were run on the D1 data.
These variables were fitted to an LR model within the test data
D2 to calculate model estimates (odds ratios, 95% CIs, and P
values). Odds ratios for main effects in the presence of
interaction terms were calculated using the analytical formula
presented in Multimedia Appendix 2. All analyses were
conducted using SAS (version 9.4; SAS Institute Inc) and R
(version 4.0.3; R Foundation for Statistical Computing).

Figure 1. Data extraction and modeling flow. AUC: area under the curve; CI: confidence interval; NSCLC: non–small cell lung cancer; OR: odds ratio;
ROC: receiver operating curve.
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Figure 2. Modeling evaluation flow. EHR: electronic health record; NGS: next-generation sequencing.

Ethical Considerations
The data used for this study are deidentified and subject to
obligations to prevent reidentification and protect patient
confidentiality, and as such are not considered human subjects
research and are exempt from review in accordance with the
US Code of Federal Regulations [16].

Results

A total of 74,211 patient records were available in the Flatiron
Health NSCLC dataset for this analysis. After applying
eligibility criteria, a total of 31,407 patients were included in
this analysis. Of all patients, 42.75% (n=13,425) were included
in the ever NGS-tested group and 57.25% (n=17,982) were
included in the never NGS-tested group. Among those in the
ever NGS-tested group, 84.08% (n=11,289) were early
NGS-tested, and 15.91% (n=2136) late NGS-tested.
Characteristics of these groups and subgroups used as features
in the machine learning models are listed in Tables 2-11.

Most features were significantly different between both the ever
and never NGS-tested as well as the early NGS versus late
NGS-tested groups. Of note, smoking rates and testing
conducted during the NCCN prerecommendations period were
lower for the ever NGS-tested group (n=10,589, 78.88% vs
n=14,987, 83.34% and n=2663, 19.84% vs n=10,734, 59.69%,
respectively), and ECOG status of 0 (n=4410, 32.85% vs
n=4665, 25.94%) was higher for the ever NGS-tested group
versus those who were never tested. Similarly, for the early

versus late NGS-tested groups, there was a higher proportion
of patients with a history of smoking (n=9025, 79.95% vs
n=1564, 73.22%) and a lower proportion of testing conducted
during the NCCN prerecommendations period (n=1746, 15.47%
vs n=917, 42.93%) as well as a lower proportion of ECOG status
of 0 (n=3606, 31.94% vs n=804, 37.64%) for the early tested
group.

Comparison of performance metrics for each model showed
that the percent AUC was similar across models (80%-84% and
77%-80%) and marginally better when the models were fit on
the ever versus never NGS-tested groups. In addition, other
metrics were also comparable (Table S2 in Multimedia
Appendix 1). The final model chosen was the LASSO model,
as it was able to identify important features including
interactions (those with nonzero coefficients after shrinkage)
and the metrics for each model were highly comparable (Table
S2 in Multimedia Appendix 1). Figures S1 and S2 in Multimedia
Appendix 1 show the feature importance plots for both groups.
The most important factors associated with ever versus never
testing included year of diagnosis, observation of a PD-L1 test,
Black or African American race, and number of single-gene
tests observed. The most important factors associated with early
versus late testing included the observation of a PD-L1 test, a
positive single-gene test result, the year of diagnosis, and the
geographical region of care. Later year of diagnosis, evidence
of PD-L1 testing, patient race, positive single-gene test results,
and region were among the top 5 predictors of NGS testing for
both ever versus never as well as early versus late NGS testing.
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Table 2. Demographic characteristics of the overall, ever, and never NGSa-tested study cohorts prior to imputation.

Ever NGS-tested versus

never NGS-tested, P valued
Never NGS-testedc

(n=17,982)
Ever NGS-testedb

(n=13,425)

Overall (N=31,407)Characteristic

.6667.3 (9.5)67.2 (10.1)67.2 (9.8)Age at initial diagnosis (years), mean (SD)

.0007Sex, n (%)

9399 (52.27)7281 (54.23)16,680 (53.11)Female

8582 (47.73)6144 (45.77)14,726 (46.89)Male

1 (0.01)0 (0)1 (0)Unknown or missing

<.0001Race, n (%)

498 (2.77)552 (4.11)1050 (3.34)Asian

1756 (9.77)1089 (8.11)2845 (9.06)Black or African American

12,139 (67.51)9109 (67.85)21,248 (67.65)White

1877 (10.44)1392 (10.37)3269 (10.41)Other

1712 (9.52)1283 (9.56)2995 (9.54)Unknown or missing

<.0001Smoking status, n (%)

14,987 (83.34)10,589 (78.88)25,576 (81.43)History of smoking

2831 (15.74)2826 (21.05)5657 (18.01)No history of smoking

164 (0.91)10 (0.07)174 (0.55)Unknown or missing

<.0001ECOGe performance status, n (%)

4665 (25.94)4410 (32.85)9075 (28.89)0

5940 (33.03)5275 (39.29)11,215 (35.71)1

2008 (11.17)1393 (10.38)3401 (10.83)2

456 (2.54)306 (2.28)762 (2.43)3

34 (0.19)17 (0.13)51 (0.16)4

4879 (27.13)2024 (15.08)6903 (21.98)Unknown or missing

aNGS: next-generation sequencing.
bPatients in the overall study cohort with evidence of NGS-based biomarker testing in the database.
cPatients in the overall study cohort with no evidence of NGS-based biomarker testing.
dTwo-sided t test for continuous variables; chi-square or Fisher exact test (where expected cell size <5) for categorical variables.
eECOG: Eastern Cooperative Oncology Group.
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Table 3. Biomarker status of the overall, ever, and never NGSa-tested study cohorts prior to imputation.

Ever NGS-tested vs never

NGS-tested, P valued
Never NGS-testedc

(n=17,982)
Ever NGS-testedb

(n=13,425)

Overall (N=31,407)Characteristic

<.0001Non-NGS–based (single gene) ALKe status, n (%)

364 (2.02)253 (1.88)617 (1.96)Positive

9348 (51.99)6278 (46.76)15,626 (49.75)Not positive

8270 (45.99)6894 (51.35)15,164 (48.28)Not tested

<.0001Non-NGS–based (single gene) BRAFf status, n (%)

62 (0.34)32 (0.24)94 (0.30)Positive

2046 (11.38)1729 (12.88)3775 (12.02)Not positive

15,874 (88.28)11,664 (86.88)27,538 (87.68)Not tested

<.0001Non-NGS–based (single gene) EGFRg status, n (%)

1894 (10.53)928 (6.91)2822 (8.99)Positive

8885 (49.41)3427 (25.53)12,312 (39.20)Not positive

7203 (40.06)9070 (67.56)16,273 (51.81)Not tested

<.0001Non-NGS–based (single gene) KRASh status, n (%)

843 (4.69)298 (2.22)1141 (3.63)Positive

1876 (10.43)1082 (8.06)2958 (9.42)Not positive

15,263 (84.88)12,045 (89.72)27,308 (86.95)Not tested

<.0001Non-NGS–based (single gene) ROS1i status, n (%)

70 (0.39)58 (0.43)128 (0.41)Positive

4372 (24.31)5011 (37.33)9383 (29.88)Not positive

13,540 (75.30)8356 (62.24)21,896 (69.72)Not tested

<.0001Non-NGS–based (single gene) METj status, n (%)

4 (0.02)3 (0.02)7 (0.02)Positive

448 (2.49)1517 (11.30)1965 (6.26)Not positive

17,530 (97.49)11,905 (88.68)29,435 (93.72)Not tested

<.0001Non-NGS–based (single gene) RETk status, n (%)

7 (0.04)27 (0.20)34 (0.11)Positive

702 (3.90)1679 (12.51)2381 (7.58)Not positive

17,273 (96.06)11,719 (87.29)28,992 (92.31)Not tested

<.0001Non-NGS–based (single gene) NTRKl status, n (%)

1 (0.01)1 (0.01)2 (0.01)Positive

130 (0.72)617 (4.60)747 (2.38)Not positive

17,851 (99.27)12,807 (95.40)30,658 (97.62)Not tested

<.0001Non-NGS–based (single gene) testingm, n (%)

3219 (17.90)1576 (11.74)4795 (15.27)Any positive result observed

6307 (35.07)5661 (42.17)11,968 (38.11)Never tested

8456 (47.02)6188 (46.09)14,644 (46.63)Tested, but no positive results observed

<.0001PD-L1n status, n (%)

537 (2.99)1289 (9.60)1826 (5.81)Positive

3634 (20.21)6354 (47.33)9988 (31.80)Not positive
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Ever NGS-tested vs never

NGS-tested, P valued
Never NGS-testedc

(n=17,982)
Ever NGS-testedb

(n=13,425)

Overall (N=31,407)Characteristic

13,811 (76.80)5782 (43.07)19,593 (62.38)Not tested

<.00012.0 (1.9)2.3 (2.0)2.1 (2.0)Single-gene tests receivedm, mean (SD)

aNGS: next-generation sequencing.
bPatients in the overall study cohort with evidence of NGS-based biomarker testing in the database.
cPatients in the overall study cohort with no evidence of NGS-based biomarker testing.
dTwo-sided t test for continuous variables; chi-square or Fisher exact test (where expected cell size <5) for categorical variables.
eALK: anaplastic lymphoma kinase.
fBRAF: V-Raf Murine Sarcoma Viral Oncogene Homolog B.
gEGFR: epidermal growth factor receptor.
hKRAS: Kirsten rat sarcoma virus.
iROS1: c-ros oncogene 1.
jMET: mesenchymal epithelial transition.
kRET: rearranged during transfection.
lNTRK: neurotrophic tyrosine receptor kinase.
mResults are based on biomarkers ALK, BRAF, EGFR, KRAS, ROS1, MET, RET, and NTRK.
nPD-L1: programmed death ligand 1.
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Table 4. Geographic and time characteristics of the overall, ever, and never NGSa-tested study cohorts prior to imputation.

Ever NGS-tested vs never

NGS-tested, P valued
Never NGS-testedc

(n=17,982), n (%)
Ever NGS-testedb

(n=13,425), n (%)

Overall (N=31,407),
n (%)

Characteristic

<.0001MACe region

1283 (7.13)814 (6.06)2097 (6.68)JE Noridian

1365 (7.59)1111 (8.28)2476 (7.88)JF Noridian

521 (2.90)335 (2.50)856 (2.73)J6 NGS

368 (2.05)235 (1.75)603 (1.92)J5 WPS

974 (5.42)1051 (7.83)2025 (6.45)J8 WPS

1357 (7.55)1102 (8.21)2459 (7.83)JK NGS

1534 (8.53)1283 (9.56)2817 (8.97)JL Novitas

1360 (7.56)858 (6.39)2218 (7.06)JM Palmetto

527 (2.93)397 (2.96)924 (2.94)J15 CGS

2145 (11.93)2049 (15.26)4194 (13.35)JJ Cahaba

3917 (21.78)2176 (16.21)6093 (19.40)JH Novitas

2631 (14.63)2014 (15)4645 (14.79)Unknown or missing

<.0001MolDXf Program

7895 (43.91)6399 (47.66)14,294 (45.51)Yes

7456 (41.46)5012 (37.33)12,468 (39.70)No

2631 (14.63)2014 (15)4645 (14.79)Unknown or missing

<.0001NCCNg guideline period

10,734 (59.69)2663 (19.84)13,397 (42.66)Prerecommendations

6213 (34.55)7339 (54.67)13,552 (43.15)Broad-based testing recommended

1035 (5.76)3423 (25.50)4458 (14.19)NGS-based testing recommended

<.0001Timing of diagnosis by drug approval period

1127 (6.27)96 (0.72)1223 (3.89)Period 1

10,027 (55.76)2823 (21.03)12,850 (40.91)Period 2

2528 (14.06)1868 (13.91)4396 (14)Period 3

2153 (11.97)2724 (20.29)4877 (15.53)Period 4

1389 (7.72)3224 (24.01)4613 (14.69)Period 5

642 (3.57)2216 (16.51)2858 (9.10)Period 6

116 (0.65)474 (3.53)590 (1.88)Period 7

aNGS: next-generation sequencing.
bPatients in the overall study cohort with evidence of NGS-based biomarker testing in the database.
cPatients in the overall study cohort with no evidence of NGS-based biomarker testing.
dTwo-sided t test for continuous variables; chi-square or Fisher exact test (where expected cell size <5) for categorical variables.
eMAC: Medicare Administration Contractor.
fMolDX: Molecular Diagnostics Services.
gNCCN: National Comprehensive Cancer Network.
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Table 5. Clinical care characteristics of the overall, ever, and never NGSa-tested study cohorts prior to imputation.

Ever NGS-tested vs never

NGS-tested, P valued
Never NGS-testedc

(n=17,982)
Ever NGS-testedb

(n=13,425)

Overall
(N=31,407)

Characteristic

<.0001Practice setting, n (%)

1843 (10.25)1783 (13.28)3626 (11.55)Academic

16,139 (89.75)11,642 (86.72)27,781 (88.45)Community

<.0001Insurance type, n (%)

2361 (13.13)1940 (14.45)4301 (13.69)Private+public

3482 (19.36)3601 (26.82)7083 (22.55)Private only

2477 (13.77)1560 (11.62)4037 (12.85)Public only

4931 (27.42)4066 (30.29)8997 (28.65)Multiple types

4731 (26.31)2258 (16.82)6989 (22.25)Unknown or missing

<.0001Stage at initial diagnosis, n (%)

1528 (8.50)1208 (9)2736 (8.71)0-I

782 (4.35)671 (5)1453 (4.63)II

3394 (18.87)2227 (16.59)5621 (17.90)III

11,833 (65.80)9096 (67.75)20,929 (66.64)IV

445 (2.47)223 (1.66)668 (2.13)Unknown or missing

<.0001Year of index diagnosis, n (%)

1738 (9.67)158 (1.18)1896 (6.04)2011

2173 (12.08)229 (1.71)2402 (7.65)2012

2223 (12.36)476 (3.55)2699 (8.59)2013

2390 (13.29)664 (4.95)3054 (9.72)2014

2210 (12.29)1136 (8.46)3346 (10.65)2015

2025 (11.26)1372 (10.22)3397 (10.82)2016

1764 (9.81)1708 (12.72)3472 (11.05)2017

1435 (7.98)1966 (14.64)3401 (10.83)2018

989 (5.50)2293 (17.08)3282 (10.45)2019

711 (3.95)2066 (15.39)2777 (8.84)2020

324 (1.80)1357 (10.11)1681 (5.35)2021

<.0001142.8 (132.5)169.2 (156.0)154.1 (143.6)Practice volumee, mean (SD)

<.0001BMI, n (%)

776 (4.32)597 (4.45)1373 (4.37)Underweight

5955 (33.12)4638 (34.55)10,593 (33.73)Normal weight

4878 (27.13)4019 (29.94)8897 (28.33)Overweight

3572 (19.86)2920 (21.75)6492 (20.67)Obese

2801 (15.58)1251 (9.32)4052 (12.90)Unknown or missing

.0474.8 (18.4)75.3 (18.8)75.0 (18.6)Body weight (kg), mean (SD)

<.0001682.2 (638.3)735.1 (636.5)704.8 (638.1)Duration of follow-up (days), mean (SD)

aNGS: next-generation sequencing.
bPatients in the overall study cohort with evidence of NGS-based biomarker testing in the database.
cPatients in the overall study cohort with no evidence of NGS-based biomarker testing.
dTwo-sided t test for continuous variables; chi-square or Fisher exact test (where expected cell size <5) for categorical variables.
eNumber of patients with non-small cell lung cancer receiving care at the same practice per year.
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Table 6. Laboratory values of the overall, ever, and never NGSa-tested study cohorts prior to imputation.

Ever NGS-tested vs never

NGS-tested, P valued
Never NGS-testedc

(n=17,982), n (%)
Ever NGS-testedb

(n=13,425), n (%)

Overall

(N=31,407), n (%)

Characteristic

<.0001ALPe

1967 (10.94)1583 (11.79)3550 (11.30)High

86 (0.48)60 (0.45)146 (0.46)Low

8490 (47.21)6805 (50.69)15,295 (48.70)Normal

7439 (41.37)4977 (37.07)12,416 (39.53)Not tested

<.0001ALTf

804 (4.47)676 (5.04)1480 (4.71)High

466 (2.59)384 (2.86)850 (2.71)Low

9217 (51.26)7389 (55.04)16,606 (52.87)Normal

7495 (41.68)4976 (37.07)12,471 (39.71)Not tested

<.0001ASTg

785 (4.37)579 (4.31)1364 (4.34)High

571 (3.18)447 (3.33)1018 (3.24)Low

9227 (51.31)7479 (55.71)16,706 (53.19)Normal

7399 (41.15)4920 (36.65)12,319 (39.22)Not tested

<.0001Bilirubin

249 (1.38)212 (1.58)461 (1.47)High

655 (3.64)545 (4.06)1200 (3.82)Low

8876 (49.36)7138 (53.17)16,014 (50.99)Normal

8202 (45.61)5530 (41.19)13,732 (43.72)Not tested

<.0001Creatinine

1322 (7.35)950 (7.08)2272 (7.23)High

1178 (6.55)965 (7.19)2143 (6.82)Low

8595 (47.80)6917 (51.52)15,512 (49.39)Normal

6887 (38.30)4593 (34.21)11,480 (36.55)Not tested

<.0001Lymphocyte count

273 (1.52)162 (1.21)435 (1.39)High

4055 (22.55)3270 (24.36)7325 (23.32)Low

6734 (37.45)5504 (41)12,238 (38.97)Normal

6920 (38.48)4489 (33.44)11,409 (36.33)Not tested

<.0001Red blood cell count

236 (1.31)135 (1.01)371 (1.18)High

3415 (18.99)2336 (17.40)5751 (18.31)Low

6799 (37.81)5551 (41.35)12,350 (39.32)Normal

7532 (41.89)5403 (40.25)12,935 (41.19)Not tested

<.0001Hematocrit

295 (1.64)187 (1.39)482 (1.53)High

3668 (20.40)2772 (20.65)6440 (20.50)Low

7059 (39.26)6026 (44.89)13,085 (41.66)Normal

6960 (38.71)4440 (33.07)11,400 (36.30)Not tested
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Ever NGS-tested vs never

NGS-tested, P valued
Never NGS-testedc

(n=17,982), n (%)
Ever NGS-testedb

(n=13,425), n (%)

Overall

(N=31,407), n (%)

Characteristic

.003Platelet count

1567 (8.71)1038 (7.73)2605 (8.29)High

404 (2.25)271 (2.02)675 (2.15)Low

8371 (46.55)6436 (47.94)14,807 (47.15)Normal

7640 (42.49)5680 (42.31)13,320 (42.41)Not tested

.03White blood cell count

3005 (16.71)2166 (16.13)5171 (16.46)High

266 (1.48)195 (1.45)461 (1.47)Low

7447 (41.41)5790 (43.13)13,237 (42.15)Normal

7264 (40.40)5274 (39.28)12,538 (39.92)Not tested

<.0001Hemoglobin, whole blood

265 (1.47)141 (1.05)406 (1.29)High

4004 (22.27)2969 (22.12)6973 (22.20)Low

7196 (40.02)5997 (44.67)13,193 (42.01)Normal

6517 (36.24)4318 (32.16)10,835 (34.50)Not tested

aNGS: next-generation sequencing.
bPatients in the overall study cohort with evidence of NGS-based biomarker testing in the database.
cPatients in the overall study cohort with no evidence of NGS-based biomarker testing.
dTwo-sided t test for continuous variables; chi-square or Fisher exact test (where expected cell size <5) for categorical variables.
eALP: alkaline phosphatase.
fALT: alanine transaminase.
gAST: aspartate aminotransferase.
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Table 7. Demographic characteristics of early and late NGSa-tested study cohorts prior to imputation.

Early NGS-tested vs late NGS-tested, P

valued
Late NGS-testedc (n=2136)Early NGS-testedb (n=11,289)Characteristic

<.000165.5 (10.0)67.5 (10.1)Age at initial diagnosis (years), mean (SD)

.02Sex, n (%)

1208 (56.55)6073 (53.80)Female

928 (43.45)5216 (46.20)Male

<.0001Race, n (%)

144 (6.74)408 (3.61)Asian

192 (8.99)897 (7.95)Black or African American

1454 (68.07)7655 (67.81)White

177 (8.29)1215 (10.76)Other

169 (7.91)1114 (9.87)Unknown or missing

<.0001Smoking status, n (%)

1564 (73.22)9025 (79.95)History of smoking

570 (26.69)2256 (19.98)No history of smoking

2 (0.09)8 (0.07)Unknown or missing

<.0001ECOGe performance status, n (%)

804 (37.64)3606 (31.94)0

835 (39.09)4440 (39.33)1

173 (8.10)1220 (10.81)2

24 (1.12)282 (2.50)3

2 (0.09)15 (0.13)4

298 (13.95)1726 (15.29)Unknown or missing

aNGS: next-generation sequencing.
bPatients in the ever NGS-tested group whose first or only NGS-based test occurred prior to the start of first-line therapy through day 7 of first-line
therapy.
cPatients in the ever NGS-tested group whose first NGS-based test occurred 8 days or later after the start of first-line therapy.
dTwo-sided t test for continuous variables; chi-square or Fisher exact test (where expected cell size <5) for categorical variables.
eECOG: Eastern Cooperative Oncology Group.
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Table 8. Biomarker status of early and late NGSa-tested study cohorts prior to imputation.

Early NGS-tested vs late NGS-tested, P valuedLate NGS-testedc (n=2136)Early NGS-testedb (n=11,289)Characteristic

<.0001Non-NGS–based (single gene) ALKe status, n (%)

60 (2.81)193 (1.71)Positive

1070 (50.09)5208 (46.13)Not positive

1006 (47.10)5888 (52.16)Not tested

.04Non-NGS–based (single gene) BRAFf status, n (%)

7 (0.33)25 (0.22)Positive

309 (14.47)1420 (12.58)Not positive

1820 (85.21)9844 (87.20)Not tested

<.0001Non-NGS–based (single gene) EGFRg status, n (%)

493 (23.08)435 (3.85)Positive

838 (39.23)2589 (22.93)Not positive

805 (37.69)8265 (73.21)Not tested

<.0001Non-NGS–based (single gene) KRASh status, n (%)

77 (3.60)221 (1.96)Positive

257 (12.03)825 (7.31)Not positive

1802 (84.36)10,243 (90.73)Not tested

<.0001Non-NGS–based (single gene) ROS1i status, n (%)

14 (0.66)44 (0.39)Positive

635 (29.73)4376 (38.76)Not positive

1487 (69.62)6869 (60.85)Not tested

<.0001Non-NGS–based (single gene) METj status, n (%)

1 (0.05)2 (0.02)Positive

68 (3.18)1449 (12.84)Not positive

2067 (96.77)9838 (87.15)Not tested

<.0001Non-NGS–based (single gene) RETk status, n (%)

0 (0)27 (0.24)Positive

121 (5.66)1558 (13.80)Not positive

2015 (94.34)9704 (85.96)Not tested

<.0001Non-NGS–based (single gene) NTRKl status, n (%)

0 (0)1 (0.01)Positive

21 (0.98)596 (5.28)Not positive

2115 (99.02)10,692 (94.71)Not tested

<.0001Non-NGS–based (single gene) testingm, n (%)

645 (30.20)931 (8.25)Any positive result observed

702 (32.87)4959 (43.93)Never tested

789 (36.94)5399 (47.83)Tested, but no positive results
observed

<.0001PD-L1n status, n (%)

61 (2.86)1228 (10.88)Positive

569 (26.64)5785 (51.24)Not positive
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Early NGS-tested vs late NGS-tested, P valuedLate NGS-testedc (n=2136)Early NGS-testedb (n=11,289)Characteristic

1506 (70.51)4276 (37.88)Not tested

.0022.2 (2.0)2.3 (2.1)Number of single-gene tests re-

ceivedm, mean (SD)

aNGS: next-generation sequencing.
bPatients in the ever NGS-tested group whose first or only NGS-based test occurred prior to the start of first-line therapy through day 7 of first-line
therapy.
cPatients in the ever NGS-tested group whose first NGS-based test occurred 8 days or later after the start of first-line therapy.
dTwo-sided t test for continuous variables; chi-square or Fisher exact test (where expected cell size <5) for categorical variables.
eALK: anaplastic lymphoma kinase.
fBRAF: V-Raf murine sarcoma viral oncogene homolog B.
gEGFR: epidermal growth factor receptor.
hKRAS: Kirsten rat sarcoma virus.
iROS1: c-ros oncogene 1.
jMET: mesenchymal epithelial transition.
kRET: rearranged during transfection.
lNTRK: neurotrophic tyrosine receptor kinase.
mResults are based on biomarkers ALK, BRAF, EGFR, KRAS, ROS1, MET, RET, and NTRK.
nPD-L1: programmed death ligand 1.
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Table 9. Geographic and time characteristics of early and late NGSa-tested study cohorts prior to imputation.

Early NGS-tested vs late

NGS-tested, P valued
Late NGS-testedc

(n=2136), n (%)
Early NGS-testedb

(n=11,289), n (%)

Characteristic

<.0001MACe region

175 (8.19)639 (5.66)JE Noridian

155 (7.26)956 (8.47)JF Noridian

52 (2.43)283 (2.51)J6 NGS

30 (1.40)205 (1.82)J5 WPS

130 (6.09)921 (8.16)J8 WPS

178 (8.33)924 (8.18)JK NGS

189 (8.85)1094 (9.69)JL Novitas

151 (7.07)707 (6.26)JM Palmetto

58 (2.72)339 (3)J15 CGS

315 (14.75)1734 (15.36)JJ Cahaba

390 (18.26)1786 (15.82)JH Novitas

313 (14.65)1701 (15.07)Unknown or missing

.38MolDXf Program

997 (46.68)5402 (47.85)Yes

826 (38.67)4186 (37.08)No

313 (14.65)1701 (15.07)Unknown or missing

<.0001NCCNg guideline period

917 (42.93)1746 (15.47)Pre recommendations

1053 (49.30)6286 (55.68)Broad-based testing recommended

166 (7.77)3257 (28.85)NGS-based testing recommended

<.0001Timing of diagnosis by drug approval period

53 (2.48)43 (0.38)Period 1

921 (43.12)1902 (16.85)Period 2

410 (19.19)1458 (12.92)Period 3

377 (17.65)2347 (20.79)Period 4

269 (12.59)2955 (26.18)Period 5

94 (4.40)2122 (18.80)Period 6

12 (0.56)462 (4.09)Period 7

aNGS: next-generation sequencing.
bPatients in the ever NGS-tested group whose first or only NGS-based test occurred prior to the start of first-line therapy through day 7 of first-line
therapy.
cPatients in the ever NGS-tested group whose first NGS-based test occurred 8 days or later after the start of first-line therapy.
dTwo-sided t test for continuous variables; chi-square or Fisher exact test (where expected cell size <5) for categorical variables.
eMAC: Medicare Administration Contractor.
fMolDX: Molecular Diagnostics Services.
gNCCN: National Comprehensive Cancer Network.
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Table 10. Clinical care characteristics of early and late NGSa-tested study cohorts prior to imputation.

Early NGS-tested vs late

NGS-tested, P valued
Late NGS-testedc

(n=2136)
Early NGS-testedb

(n=11,289)

Characteristic

.50Practice setting, n (%)

274 (12.83)1509 (13.37)Academic

1862 (87.17)9780 (86.63)Community

<.0001Insurance type, n (%)

251 (11.75)1689 (14.96)Private+public

575 (26.92)3026 (26.80)Private only

243 (11.38)1317 (11.67)Public only

575 (26.92)3491 (30.92)Multiple types

492 (23.03)1766 (15.64)Unknown or missing

.0004Stage at initial diagnosis, n (%)

157 (7.35)1051 (9.31)0-I

91 (4.26)580 (5.14)II

405 (18.96)1822 (16.14)III

1441 (67.46)7655 (67.81)IV

42 (1.97)181 (1.60)Unknown or missing

<.0001Year of index diagnosis

89 (4.17)69 (0.61)2011

108 (5.06)121 (1.07)2012

181 (8.47)295 (2.61)2013

234 (10.96)430 (3.81)2014

305 (14.28)831 (7.36)2015

334 (15.64)1038 (9.19)2016

283 (13.25)1425 (12.62)2017

254 (11.89)1712 (15.17)2018

182 (8.52)2111 (18.70)2019

127 (5.95)1939 (17.18)2020

39 (1.83)1318 (11.68)2021

.44166.8 (152.4)169.6 (156.7)Practice volumee, mean (SD)

<.0001BMI, n (%)

68 (3.18)529 (4.69)Underweight

675 (31.60)3963 (35.10)Normal weight

609 (28.51)3410 (30.21)Overweight

485 (22.71)2435 (21.57)Obese

299 (14)952 (8.43)Unknown or missing

.1175.9 (18.7)75.2 (18.8)Body weight (kg), mean (SD)

<.00011216.2 (829.1)644.1 (547.5)Duration of follow-up (days), mean (SD)

aNGS: next-generation sequencing.
bPatients in the ever NGS-tested group whose first or only NGS-based test occurred prior to the start of first-line therapy through day 7 of first-line
therapy.
cPatients in the ever NGS-tested group whose first NGS-based test occurred 8 days or later after the start of first-line therapy.
dTwo-sided t test for continuous variables; chi-square or Fisher exact test (where expected cell size <5) for categorical variables.
eNumber of patients with non-small cell lung cancer receiving care at the same practice per year.
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Table 11. Laboratory values of early and late NGSa-tested study cohorts prior to imputation.

Early NGS-tested vs late NGS-tested,

P valued
Late NGS-testedc (n=2136)Early NGS-testedb (n=11,289)Characteristic

.79ALPe

244 (11.42)1339 (11.86)High

12 (0.56)48 (0.43)Low

1085 (50.80)5720 (50.67)Normal

795 (37.22)4182 (37.04)Not tested

.01ALTf

99 (4.63)577 (5.11)High

39 (1.83)345 (3.06)Low

1197 (56.04)6192 (54.85)Normal

801 (37.50)4175 (36.98)Not tested

.07ASTg

93 (4.35)486 (4.31)High

51 (2.39)396 (3.51)Low

1201 (56.23)6278 (55.61)Normal

791 (37.03)4129 (36.58)Not tested

.47Bilirubin

30 (1.40)182 (1.61)High

75 (3.51)470 (4.16)Low

1146 (53.65)5992 (53.08)Normal

885 (41.43)4645 (41.15)Not tested

.52Creatinine

135 (6.32)815 (7.22)High

152 (7.12)813 (7.20)Low

1109 (51.92)5808 (51.45)Normal

740 (34.64)3853 (34.13)Not tested

.003Lymphocyte count

40 (1.87)122 (1.08)High

478 (22.38)2792 (24.73)Low

893 (41.81)4611 (40.85)Normal

725 (33.94)3764 (33.34)Not tested

.001Red blood cell count

27 (1.26)108 (0.96)High

332 (15.54)2004 (17.75)Low

957 (44.80)4594 (40.69)Normal

820 (38.39)4583 (40.60)Not tested

.02Hematocrit

37 (1.73)150 (1.33)High

394 (18.45)2378 (21.06)Low

995 (46.58)5031 (44.57)Normal

710 (33.24)3730 (33.04)Not tested
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Early NGS-tested vs late NGS-tested,

P valued
Late NGS-testedc (n=2136)Early NGS-testedb (n=11,289)Characteristic

.04Platelet count

183 (8.57)855 (7.57)High

38 (1.78)233 (2.06)Low

1064 (49.81)5372 (47.59)Normal

851 (39.84)4829 (42.78)Not tested

.04White blood cell count

329 (15.40)1837 (16.27)High

33 (1.54)162 (1.44)Low

979 (45.83)4811 (42.62)Normal

795 (37.22)4479 (39.68)Not tested

.0004Hemoglobin, whole blood

30 (1.40)111 (0.98)High

405 (18.96)2564 (22.71)Low

1010 (47.28)4987 (44.18)Normal

691 (32.35)3627 (32.13)Not tested

aNGS: next-generation sequencing.
bPatients in the ever NGS-tested group whose first or only NGS-based test occurred prior to the start of first-line therapy through day 7 of first-line
therapy.
cPatients in the ever NGS-tested group whose first NGS-based test occurred 8 days or later after the start of first-line therapy.
dTwo-sided t test for continuous variables; chi-square or Fisher exact test (where expected cell size <5) for categorical variables.
eALP: alkaline phosphatase.
fALT: alanine transaminase.
gAST: aspartate aminotransferase.

Over the 1000 bootstrap samples over the training data D1, an
average of 135 and 89 features were identified by the LASSO
models for the ever versus never and early versus late
NGS-tested groups, respectively. These variables were then
entered into an LR model using the testing set. The final model
was established after removing any nonsignificant interaction
terms, as explained earlier in the study methods. Details of the
model fit statistics are shown in Table S3 in Multimedia
Appendix 1. All main effects identified from the modeling for
each group are shown in Figures 3-9.

There were lower odds of ever receiving NGS testing among
patients with later age at initial diagnosis, bilirubin not tested,
worse ECOG performance status, treated in geographies under
the MolDX Program, a total higher number of genetic tests

received, had only public insurance, and who were of Black or
African American race as compared with those who were never
tested. Patients who were obese, had a later year of initial
NSCLC diagnosis, were from larger practices, had evidence of
PD-L1 testing, no results for platelet testing, no history of
smoking, had stage II disease, and were treated in a MAC region
other than JH Novitas or J6 NGS had higher odds of ever
receiving NGS-based testing.

For early versus late NGS testing (Figures 10-17), there were
greater odds of receiving early NGS-based testing among
patients with a later year of initial NSCLC diagnosis, who had
no history of smoking, who were in later drug period approval
periods, had a PD-L1 test, treated in the MAC J8 WPS, and
who had no other biomarker tests or inconclusive testing.
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Figure 3. Forest plot of ever versus never NGS-tested: variables determined by a logistic regression model from variables preselected by a LASSO
model: clinical care and demographic variables. Ever NGS-tested: patients in the overall study cohort with evidence of NGS-based biomarker testing
in the database; never NGS-tested: patients in the overall study cohort with no evidence of NGS-based biomarker testing. Index year: year of index
diagnosis; LASSO: least absolute shrinkage and selection operator; NGS: next-generation sequencing; OR: odds ratio.

Figure 4. Forest plot of ever versus never NGS-tested: variables determined by a logistic regression model from variables preselected by a LASSO
model: ECOG performance status and stage. Ever NGS-tested: patients in the overall study cohort with evidence of NGS-based biomarker testing in
the database; never NGS-tested: patients in the overall study cohort with no evidence of NGS-based biomarker testing. ECOG: Eastern Cooperative
Oncology Group; LASSO: least absolute shrinkage and selection operator; NGS: next-generation sequencing; OR: odds ratio.
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Figure 5. Forest plot of ever versus never NGS-tested: variables determined by a logistic regression model from variables preselected by a LASSO
model: biomarkers and MolDX region. Ever NGS-tested: patients in the overall study cohort with evidence of NGS-based biomarker testing in the
database; never NGS-tested: patients in the overall study cohort with no evidence of NGS-based biomarker testing. LASSO: least absolute shrinkage
and selection operator; MolDX: Molecular Diagnostics Services; NGS: next-generation sequencing; OR: odds ratio; PDL1: programmed death ligand
1.

Figure 6. Forest plot of ever versus never NGS-tested: variables determined by a logistic regression model from variables preselected by a LASSO
model: insurance. Ever NGS-tested: patients in the overall study cohort with evidence of NGS-based biomarker testing in the database; never NGS-tested:
patients in the overall study cohort with no evidence of NGS-based biomarker testing. LASSO: least absolute shrinkage and selection operator; NGS:
next-generation sequencing; OR: odds ratio.

Figure 7. Forest plot of ever versus never NGS-tested: variables determined by a logistic regression model from variables preselected by a LASSO
model: NCCN guidelines. Ever NGS-tested: patients in the overall study cohort with evidence of NGS-based biomarker testing in the database; never
NGS-tested: patients in the overall study cohort with no evidence of NGS-based biomarker testing. LASSO: least absolute shrinkage and selection
operator; NCCN: National Comprehensive Cancer Network; NGS: next-generation sequencing; OR: odds ratio.
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Figure 8. Forest plot of ever versus never NGS-tested: variables determined by a logistic regression model from variables preselected by a LASSO
model: laboratory values. Ever NGS-tested: patients in the overall study cohort with evidence of NGS-based biomarker testing in the database; never
NGS-tested: patients in the overall study cohort with no evidence of NGS-based biomarker testing. ALP: alkaline phosphatase; ALT: alanine transaminase;
AST: aspartate aminotransferase; LASSO: least absolute shrinkage and selection operator; NGS: next-generation sequencing; OR: odds ratio.
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Figure 9. Forest plot of ever versus never NGS-tested: variables determined by a logistic regression model from variables preselected by a LASSO
model: geographic region. Geographic regions reflect Medicare Administration Contractors. Ever NGS-tested: patients in the overall study cohort with
evidence of NGS-based biomarker testing in the database; never NGS-tested: patients in the overall study cohort with no evidence of NGS-based
biomarker testing. LASSO: least absolute shrinkage and selection operator; NGS: next-generation sequencing; OR: odds ratio.

Figure 10. Forest plots early versus late NGS-tested: variables determined by logistic regression from variables preselected by a LASSO model: clinical
care and demographic variables. Early NGS-tested: patients in the ever NGS-tested group whose first or only NGS-based test occurred prior to the start
of first-line therapy through day 7 of first-line therapy; late NGS-tested: patients in the ever NGS-tested group whose first NGS-based test occurred 8
days or later after the start of first-line therapy. Index year: year of index diagnosis; LASSO: least absolute shrinkage and selection operator; NGS:
next-generation sequencing; OR: odds ratio.
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Figure 11. Forest plots early versus late NGS-tested: variables determined by logistic regression from variables preselected by a LASSO model: ECOG
performance status and stage. Early NGS-tested: patients in the ever NGS-tested group whose first or only NGS-based test occurred prior to the start
of first-line therapy through day 7 of first-line therapy; late NGS-tested: patients in the ever NGS-tested group whose first NGS-based test occurred 8
days or later after the start of first-line therapy. ECOG: Eastern Cooperative Oncology Group; LASSO: least absolute shrinkage and selection operator;
NGS: next-generation sequencing; OR: odds ratio.

Figure 12. Forest plots early versus late NGS-tested: variables determined by logistic regression from variables preselected by a LASSO model:
biomarkers. Early NGS-tested: patients in the ever NGS-tested group whose first or only NGS-based test occurred prior to the start of first-line therapy
through day 7 of first-line therapy; late NGS-tested: patients in the ever NGS-tested group whose first NGS-based test occurred 8 days or later after the
start of first-line therapy. LASSO: least absolute shrinkage and selection operator; NGS: next-generation sequencing; OR: odds ratio; PDL1: programmed
death ligand 1.

Figure 13. Forest plots early versus late NGS-tested: variables determined by logistic regression from variables preselected by a LASSO model:
insurance. Early NGS-tested: patients in the ever NGS-tested group whose first or only NGS-based test occurred prior to the start of first-line therapy
through day 7 of first-line therapy; late NGS-tested: patients in the ever NGS-tested group whose first NGS-based test occurred 8 days or later after the
start of first-line therapy. LASSO: least absolute shrinkage and selection operator; NGS: next-generation sequencing; OR: odds ratio.
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Figure 14. Forest plots early versus late NGS-tested: variables determined by logistic regression from variables preselected by a LASSO model: NCCN
guidelines. Early NGS-tested: patients in the ever NGS-tested group whose first or only NGS-based test occurred prior to the start of first-line therapy
through day 7 of first-line therapy; late NGS-tested: patients in the ever NGS-tested group whose first NGS-based test occurred 8 days or later after the
start of first-line therapy. LASSO: least absolute shrinkage and selection operator; NCCN: National Comprehensive Cancer Network; NGS: next-generation
sequencing; OR: odds ratio.

Figure 15. Forest plots early versus late NGS-tested: variables determined by logistic regression from variables preselected by a LASSO model:
laboratory values. Early NGS-tested: patients in the ever NGS-tested group whose first or only NGS-based test occurred prior to the start of first-line
therapy through day 7 of first-line therapy; late NGS-tested: patients in the ever NGS-tested group whose first NGS-based test occurred 8 days or later
after the start of first-line therapy. ALT: alanine transaminase; LASSO: least absolute shrinkage and selection operator; NGS: next-generation sequencing;
OR: odds ratio.
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Figure 16. Forest plots early versus late NGS-tested: variables determined by logistic regression from variables preselected by a LASSO model:
geographic region. Geographic regions reflect Medicare Administration Contractors. Early NGS-tested: patients in the ever NGS-tested group whose
first or only NGS-based test occurred prior to the start of first-line therapy through day 7 of first-line therapy; late NGS-tested: patients in the ever
NGS-tested group whose first NGS-based test occurred 8 days or later after the start of first-line therapy. LASSO: least absolute shrinkage and selection
operator; NGS: next-generation sequencing; OR: odds ratio.

Figure 17. Forest plots early versus late NGS-tested: variables determined by logistic regression from variables preselected by a LASSO model: time
period variables. Early NGS-tested: patients in the ever NGS-tested group whose first or only NGS-based test occurred prior to the start of first-line
therapy through day 7 of first-line therapy; late NGS-tested: patients in the ever NGS-tested group whose first NGS-based test occurred 8 days or later
after the start of first-line therapy. ALK: anaplastic lymphoma kinase; BRAF: V-Raf murine sarcoma viral oncogene homolog B; EGFR: epidermal
growth factor receptor; KRAS: Kirsten rat sarcoma virus; LASSO: least absolute shrinkage and selection operator; MET: mesenchymal epithelial
transition; NGS: next-generation sequencing; NTRK: neurotrophic tyrosine receptor kinase; OR: odds ratio; RET: rearranged during transfection; ROS1:
c-ros oncogene 1; period 1: January 1-August 25, 2011 (EGFR drugs only); period 2: August 26, 2011-March 10, 2016 (EGFR+ALK); period 3: March
11, 2016-June 21, 2017 (EGFR+ALK+ROS1); period 4: June 22, 2017-November 25, 2018 (EGFR+ALK+ROS1+BRAF); period 5: November 26,
2018-May 5, 2020 (EGFR+ALK+ROS1+BRAF+NTRK); period 6: May 6, 2020-May 26, 2021 (EGFR+ALK+ROS1+BRAF+NTRK+MET+RET);
period 7: May 27, 2021 and later (EGFR+ALK+ROS1+BRAF+MET+NTRK+RET+KRAS).
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Discussion

Overview
This study applied machine learning methods and traditional
statistical tools that identified several factors that were
significantly associated with not only receiving NGS-based
testing but also receiving the testing early when there is a
potential for early intervention with targeted therapies. Factors
associated with both ever having NGS testing as well as early
NGS testing included later year of NSCLC diagnosis, no history
of smoking, and evidence of PD-L1 testing. These factors were
consistent with the hypothesized direction of candidate variables,
as NGS-based testing has been increasing over time, and it was
not unexpected that the rate of testing has increased in recent
years [4,25]. In addition, consistent with the hypothesized
direction of these relationships, patients without a smoking
history were more likely to undergo NGS-based testing. The
lack of environmental causal factors would lead one to seek
other explanations for the onset of lung cancer, including certain
genomic abnormalities, which are frequently observed among
nonsmokers with lung cancer [26]. PD-L1 testing is generally
conducted alongside the NGS test and was only available in
later years, so the observation of these relationships was also
not unexpected.

Principal Findings
Factors associated with a greater chance of never receiving NGS
testing included older age, lower ECOG performance status,
Black race, higher number of single-gene tests, public insurance,
and treatment in a geography associated with MolDX Program
adoption. Patient age and public insurance are factors that are
closely related. Patients aged 65 years and older generally have
Medicare coverage, whereas younger patients will have private
insurance. The median age of lung cancer diagnosis is 71 years
[27], and it is highly likely that a younger patient presenting
with NSCLC could raise questions about the genomic aspects
of the disease that should be investigated as a result be
associated with a higher likelihood of receiving early NGS-based
testing as noted in the published literature [28]. Importantly,
patient race, similar to prior research [7], remains a significant
factor that continues to demonstrate the lack of equity in receipt
of NGS-based testing. Of all factors evaluated in this study,
racial inequity cannot be explained by any reasonable clinical
factors and requires immediate attention by the health care
community.

Several factors that did not have a clear association with
NGS-based testing were those that also did not have a
hypothesized direction associated with a potential relationship.
While blood test results may have captured some aspect of
well-being, there was no consistent relationship identified.
Similarly, while patients with better performance status were
more likely to receive NGS-based testing, this relationship was
not strong, and the factor was not among those with the highest
importance scores observed in this study. Therefore, this study
suggests that these factors are likely not largely factored into a
decision to receive NGS-based testing and could be why little
data were observed in the published literature related to these
factors.

The roles of the MolDX program and the MAC region are
unclear. The emergence of MAC region J8 WPS as a predictive
factor for greater odds of receiving early NGS testing and both
JH Novitas and J6 NGS at lower odds of receiving any NGS
testing could be an artifact of a large dataset with multiple
subgroups or could reflect underlying factors related to this
region that could not be explored, given the available data in
the electronic data used for this study. Additionally, the timing
of MolDX program adoption was not taken into account, so the
patients in these regions could have had the decision made at a
time that was unrelated to this variable (“yes” or “no”). Other
geographic factors such as distance to a clinic, access to testing
resources, and site of care could certainly have played a role as
well; therefore, the relationship with MolDX should not be
overinterpreted. Additionally, not all patients in these regions
had Medicare coverage, so there is a great deal of uncertainty
in these variables. A study with more comprehensive variables
related to patient care in these regions would be needed to come
to any clear conclusion about these relationships.

Limitations
First, this study is based on real-world data. The Flatiron Health
deidentified data, as with most other electronic health
record–based datasets, do not contain all potentially relevant
variables to investigate all aspects of the complex question of
NGS-based testing. Factors such as tissue availability, tissue
quality, a patient crisis requiring immediate care, and other
health care system–related factors were not recorded and may
be additional factors that could impact access and receipt of
NGS-based testing. The availability of these data, however,
would not invalidate the factors that were observed in this study.
Second, there were some patients who could have received
NGS-based testing at an early stage diagnosis who were not
included in this study due to our eligibility criteria, requiring
testing within the time frame of advanced or metastatic
diagnosis. Therefore, this study may not be generalizable to
those diagnosed and tested at earlier stages of the disease. Third,
as with all real-world data sources, missingness is a potential
issue. However, the rates of NGS-based testing in this study are
very similar to other estimates from different data sources, which
provides confidence in the outcome variable assessed within
the database used for this study [10]. Finally, when evaluating
predictive models, a cutoff of 0.5 was applied to the predicted
probability of events. While this may result in a suboptimal
trade-off of specificity versus sensitivity for certain models (eg,
for modeling “early vs late” NGS testing, it resulted in low
specificities of ~20% and very high sensitivity of ~98%; Table
S2 in Multimedia Appendix 1), the objective of this study was
to identify predictors of NGS testing rather than optimizing
predictive rules. The probability cutoffs could be further
calibrated to strike a desired balance between false positives
and negatives.

Conclusions
Despite the limitations of these data, this study reinforces the
need to assure equity in access to NGS-based testing that has
been observed in prior research. Black race is consistently
associated with lower biomarker testing rates [7]. Other factors
may be more associated with disease trajectory (eg, age, lower
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ECOG performance status, and single-gene tests), emphasizing
the flexibility needed in testing for those patients who may not
be well enough for systemic therapy or who have an actionable
biomarker previously identified. While efforts must be made

to ensure all patients diagnosed with NSCLC have equal access
to NGS-based testing early in the trajectory of the disease, there
may be consideration for the specific patient needs in these
cases.
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Abstract

While patient-reported outcome measures are regularly incorporated into phase 3 clinical trials, they have been infrequently used
in early phase trials. However, the patient’s perspective is vital to fully understanding dose toxicity and selecting an optimal dose.
This viewpoint paper reviews the rationale for and practical approach to collecting patient-reported outcome data in early phase
oncology drug development and the rationale for electronic collection.
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Dose Finding in Oncology Drug
Development

Traditional dose findings in oncology clinical drug development
have focused on determining the maximum tolerated dose,
assuming that the efficacy-dose relationship follows a steep
monotonic increasing curve. By this assumption, the
recommended dose is defined as the highest dose in which
dose-limiting toxicity is not observed. Typical early phase
programs (Figure 1) often use a 3 + 3 dose escalation design in
which subsequent cohorts of 3 patients are studied, each
receiving a higher dose than the last. Dose levels often follow

a modified Fibonacci sequence whereby dose increments
become smaller as the dose increases [1]. When dose-limiting
toxicity is observed in at least one patient, the dose level is
repeated in a further cohort of 3 patients, and if dose-limiting
toxicity is observed again, further escalation stops, identifying
the previous dose as the recommended maximum tolerated dose
to take forward. Further study of the recommended dose is
achieved, often using a seamless phase 1-2 design, by recruiting
an additional larger group of patients into a dose expansion
study. The primary end point in an expansion cohort is usually
to determine efficacy, most frequently according to the
radiological response rate. Additionally, further safety data is
gathered, and pharmacodynamic markers may also be developed.
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Figure 1. Traditional early phase oncology dose-finding studies. RECIST: Response Evaluation Criteria in Solid Tumors.

This approach has been acceptable for cytotoxic chemotherapy
drugs due to their steep dose-response relationships, their limited
drug target specificity, and the willingness of patients to trade
off substantial toxicity to treat serious, life-threatening diseases
[2]. However, it may lead to the recommendation of higher
doses and a suboptimal tolerability profile when used in dose
finding for modern, more targeted oncology drugs such as kinase
inhibitors and monoclonal antibodies (Figure 2). In these cases,
the wider therapeutic index means that a range of doses may

show relevant efficacy, and doses below the maximum tolerated
dose may have similar efficacy with reduced toxicity [3]. This
can be particularly important because targeted therapies are
often taken for much longer periods, during which lower grade,
persistent symptomatic toxicities can present a greater challenge
to patients [2]. Dose finding limitations have been illustrated
in 26% of Food and Drug Administration (FDA)–approved
kinase inhibitors (2001‐2015) requiring postmarketing
requirements/commitments to study alternative doses [4].

Figure 2. Dose-response relationships and optimal dose selection for cytotoxic chemotherapy drugs and targeted therapies.

Better characterizing dose response to optimize dose finding
has been underlined by the FDA’s Project Optimus, which aims
to reform how doses are selected in oncology clinical trials,
with a particular focus on maximizing efficacy and optimizing
safety and tolerability [5]. This led to their subsequent guidance
on dose optimization for new cancer treatments [2]. Studying
more dose levels in the dose expansion study may be one
approach to enable this and may better enable characterization
of the dose-response relationship, albeit qualitatively given the
likely small cohort sizes.

Understanding Tolerability

Tolerability is defined in good clinical practice as “the degree
to which overt adverse effects can be tolerated by the subject”
[6]. In oncology, assessment of tolerability typically comprises
clinician-reported treatment-related adverse events (AEs) using,
for example, the Common Terminology Criteria for Adverse
Events (CTCAE) [7], along with other data such as dose
modifications, discontinuations and interruptions, safety
biomarkers, hospitalization, and death [8]. However, these tools
and data fail to fully account for the patient’s perspective or to
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fully measure the impact of AEs on the patient’s activities and
quality of life. Many studies comparing physician and patient
reports of treatment-related AEs have consistently shown
underreporting and reduced severity rating in physician
interpretations compared to patient reports [9-16]. This
represents a challenge for drug developers in accurately
quantifying the dose-toxicity relationship and limits the ability
to define optimal doses, leading to a greater risk of exposing
greater numbers of patients to doses that are too high, potentially
resulting in increased discontinuation and a less favorable safety
profile.

For example, measuring the frequency of individual AEs
reported by early phase patients using the full Patient-Reported
Outcomes version of the CTCAE (PRO-CTCAE) item bank
[17], Veitch and colleagues [9] evaluated the associated
frequency of reporting of the same AEs by physicians using the
CTCAE. They found that all 50 AEs reported by at least 10%
of patients undergoing cancer treatment (n=243) were
consistently underreported by physicians using the CTCAE, in
some cases markedly. For example, 9 AEs were identified at
least 50 times less frequently by physicians: decreased libido
(31.4% vs 0.1%), palpitations (14.7% vs 0.1%), wheezing
(14.5% vs 0.2%), voice alteration (14.1% vs 0.2%), hiccups
(13.9% vs 0.1%), hyperhidrosis (23.9% vs 0.4%), vaginal
dryness (11.0% vs 0.1%), nail ridging (10.0% vs 0.2%), and
urinary incontinence (10.0% vs 0.2%). Further, 19 CTCAE
items were reported 1% or less of the time by physicians,
compared to 10%-31.4% by patients.

A further study in 1933 patients with a variety of oncology
conditions treated in various routine care settings reported an
underestimation of AE severity by clinicians in comparison to
patient reports [10]. The frequency of symptoms assessed as
moderate or severe by patients and physicians, respectively,
were pain (67% vs 47%), fatigue (71% vs 54%), generalized
weakness (65% vs 47%), anorexia (47% vs 25%), depression
(31% vs 17%), constipation (45% vs 30%), poor sleep (32% vs
21%), dyspnea (30% vs 16%), nausea (27% vs 14%), vomiting
(14% vs 6%), and diarrhea (14 vs 6%). While this study was
not conducted in an early phase setting, it is likely that the
discordance in clinician and patient assessments, consistent with
Veitch et al [9], would be similarly reflected in early phase
research.

These examples demonstrate that physician assessment of patient
AEs may be both incomplete and underestimated in comparison
to the patient perspective. Reasons for this may include patient
difficulties in spontaneously raising or describing AEs, patient
fears of delay or discontinuation of treatment options in which
they have high expectations of positive results, introduction of
clinician subjectivity, and time constraints and practical
limitations with current physician tools.

While valuable in addressing the underreporting and lower
scoring of AE severity by physicians, the PRO-CTCAE alone
fails to assess the cumulative impact of the AE profile and the
effects on functioning and quality of life. The cumulative impact
may be especially important in newer treatments taken for
sustained periods, where multiple, concurrent, low-grade but
persistent AEs may together represent an intolerable burden for

the patient. As we describe later, supplementing the rating of
individual AEs with an overall single-item measure of the
cumulative impact of AEs (eg, using the Functional Assessment
of Cancer Therapy–Item GP5 [FACT GP5] [18] or item 168
from the European Organisation for Research and Treatment
of Cancer [EORTC] item library [19]) and the adverse impact
on patient physical function and role function (eg, measured
using the associated subscales of the EORTC Quality of Life
Questionnaire—Core Questionnaire [EORTC QLQ-C30] [20])
provides a valuable assessment of the impact of the AE profile
experienced.

Using Patient-Reported Outcomes in
Early Phase Oncology Trials

Overview
While the use of patient-reported outcome measures (PROMs)
is increasingly incorporated into phase 3 clinical trials, and
regulatory recommendations on measurement strategy have
been recently published by the FDA [21], there is little use of
PROMs in early phase trials [22]. Barriers to adoption in early
phase oncology studies include a lack of guidance regarding
PROM selection, concerns relating to dealing with missing
patient-reported outcome (PRO) data, overburdening site staff
and patients, handling patient and data queries [23], and low
power associated with small sample sizes. Nonetheless, the
patient perspective is a vital element of fully understanding dose
toxicity and selecting an optimal dose for later phase
development.

Adverse Events
In later phase trials, there is typically enough understanding of
the AE profile of the investigational treatment to enable a
reliable preselection of items for measurement (eg, using a small
subset of PRO-CTCAE items). The same is not true for first in
human and other early phase trials. Preclinical data may provide
some signals to drive thinking, but these are unlikely to be robust
and comprehensive, and while the AE evidence from other drugs
with the same mechanism of action may be available and
relevant, this is not always the case. The full PRO-CTCAE
instrument contains 124 items across 78 distinct terms [17], and
this is impractical to use in a full list format for regular ongoing
measurement.

Janse van Rensburg and colleagues [24] used a statistical
approach to develop a reduced list of PRO-CTCAE items
considered most likely to occur in a phase 1 population using
the same dataset reported by Veitch et al [9]. Using that dataset,
they eliminated AEs recorded less than 5% of the time; those
recorded as “mild” severity by at least 75% of patients; and AEs
associated with interference scores of “not at all,” frequency
scores of “never,” or amount scores of “not at all” by at least
80% of patients. Finally, terms with the lowest internal reliability
within each organ system domain, as measured using Cronbach
α, were also eliminated. With further refinements from physician
perspectives, this led to a tailored PRO-CTCAE survey
consisting of 58 items assessing 30 terms. While a useful and
interesting approach, the generalizability of this reduced survey
may be limited by the relatively small sample size, the limited
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set of treatments and tumor types represented, and the risk that
using historical data may miss important aspects of tolerability
for new targeted therapies.

When selecting a reduced set of predefined items, it is helpful,
as PRO-CTCAE recommends and allows, to include a free-text
item to capture other important AEs not listed [25] and to use
this information to allow the item list to adapt with the emerging
understanding gained through continued study.

Because the PRO-CTCAE items are grouped by organ system
domains, it is possible to optimize the completion of the full

item list compared to an individual symptom-by-symptom
approach (Figure 3A). Alternatively, a free-text approach asking
patients to list and rate the AEs that contribute most to their
overall impact rating (scored using the FACT GP5 item, for
example) might provide a less burdensome approach (Figure
3B). Leveraging an electronic PRO (ePRO) solution, using a
smartphone app, for example, would enable free-text symptom
text to be resurfaced as a list of existing AEs to be easily
rescored at future time points.

Figure 3. Approaches to simplify adverse event capture and scoring (A) using organ system grouping and (B) collecting the most bothersome adverse
events associated with overall impact score.

Collecting the most bothersome AEs (Figure 3B) has similarities
to some existing PROMs that measure the most bothersome
symptoms (MBSs). For example, MBS has been shown to be
a useful patient-centric measure of migraine symptoms [26,27]
and is referred to in the patient-focused drug development
guidance published by the FDA [28]. Challenges with collecting
an MBS include how to pool data in the statistical analysis and
different symptoms becoming the most bothersome over time.
However, these challenges may be less relevant when collecting
the set of most bothersome AEs to understand the dose-toxicity
relationship in early phase cancer trials.

Other Recommended PROMs
The Friends of Cancer white paper [8] and FDA guidance on
PROs in cancer trials [21] both recommend that in addition to
the collection and scoring of individual AEs, an overall measure

of the AE impact is included, along with measures to assess the
impact of treatment on physical function and role function,
although the FDA guidance is more focused toward use in
confirmatory trials. A single item to score the overall impact of
AEs, such as the FACT GP5 [18] (Figure 4) or Q168 of the
EORTC item bank [19], is important as it enables the patient
to account for the impact of any AEs not covered by
PRO-CTCAE administration and to attach greater importance
to the combined impact of multiple low-level AEs. This
understanding may be particularly important in assessing the
impact of newer treatments taken over longer periods. The FDA
has identified measures of physical function and role function
they consider suitable, including the EORTC QLQ-C30 physical
function and role function subscales [20] and the
Patient-Reported Outcomes Measurement Information System
(PROMIS) physical function scale [29].
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Figure 4. Functional Assessment of Cancer Therapy–Item GP5 (FACT GP5). An example of a single-item measure of the impact of adverse events.
FACT GP5 is reproduced with permission, copyright of Dr David Cella, and licensed by FACIT.org [18].

Mitigating Barriers to PROM Adoption in Early Phase
Trials
As described earlier, barriers to the adoption of PROMs in early
phase cancer trials include a lack of guidance regarding PROM
selection, concerns relating to dealing with missing PRO data,
overburdening site staff and patients, handling patient and data
queries [23], and low power associated with small cohorts. We
address PROM selection in the discussion above. Dealing with
missing data is always an important consideration in clinical
research, as different missing data approaches rely on
assumptions that, if violated, can lead to biased estimates.
Although researchers in early phase trials may use less formal
approaches to interpreting the data and determining the optimal
dose, it will remain important to consider the impact of missing
data using a variety of sensitivity evaluations.

In terms of patient burden, the UK National Cancer Research
Institute Consumer Forum survey indicated that most patients
and carers affected by cancer and involved in research activities
(n=57) were willing to spend up to 15 minutes per day

completing PROMs [23]. This time duration seems high for
frequent collection but perhaps reflects the value that patients
see in communicating this data to their treating physician. The
measures we have discussed above typically use a 7-day recall
period, and it is, therefore, most likely that a weekly completion
schedule would be recommended. Recall bias using the weekly
recall periods associated with these validated measures is
unlikely to be a concern, but ensuring completion times do not
overburden patients with the debilitating effects of the disease
and treatment is an important consideration. Median per-item
completion rates of PROMs commonly used in oncology trials
have been reported as 6‐14 seconds [30], which suggests that
a weekly PROM assessment of, for example, the PRO-CTCAE
implemented using the approach outlined in Figure 3A, an
overall AE impact item, and the physical function and role
function subscales of the QLQ-C30 (items 5 and 2, respectively)
might translate to an average completion time of less than 5
minutes per week. This seems to be a feasible assessment
strategy, and ensuring a flexible completion window across
more than 1 day may drive higher completion rates.
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The remaining barriers cited may be mitigated by electronic
collection of PRO data, for example, by using an ePROs
smartphone app. The burden on site staff and patients during
busy clinic visits can be mitigated by enabling at-home
completion, and electronic tools can eliminate data queries by
prohibiting ambiguous or invalid entries. The easy
implementation of longer lists of items using branching logic
to speed completion is only practical using an electronic
approach. Further, the use of ePRO solutions can also lead to
reduced missing data through alarms, reminders, and remote
monitoring to drive on-time completion.

Electronic collection of PRO data may be perceived as a
significant additional cost relative to the smaller numbers of
patients involved in early phase studies, but this should be
considered in the context of the value of the data. The more
frequent assessment schedules and the nature of the measures
implemented drive the use of electronic solutions. In the context
of the increased expense of studying more patients in early phase
trials due to the need to better characterize dose response, the
use of ePROs to drive more accurate, reliable data may lead to
accurate decision-making using relatively smaller sample sizes
and offset the cost of ePROs many times over.

Smaller sample sizes associated with early phase studies may
limit the robust characterization of the dose-response
relationship, but this limitation is not unique to PRO data and
also applies to other measures of efficacy and tolerability that
inform dose selection. A thoughtful approach is required to
balance the cost of increased sample size with the statistical
robustness of dose-response characterization. Supplementary
qualitative data collected using in-trial patient interviews may
be a valuable addition to understanding the AEs experienced
by the patients and aid the interpretation of PROM data when
limited by small sample sizes.

Conclusion

There is growing interest in more completely quantifying the
dose-response relationship to inform optimal dose determination

for new oncological treatments. PROs play a vital role in
understanding dose tolerability profiles, especially as
treatment-related AEs tend to be underreported and underscored
by physicians. While AE profiles are less understood in early
phase drug development, this should not prevent the capturing
of this data to inform dose selection decisions as early as the
first in human study using some of the approaches discussed in
this paper.

Of course, we lack experience in interpreting PRO tolerability
data from such early studies and need to remember that we may
not have adequately defined the patient population at this early
stage, and so the clinical interpretation of dose-response
relationships associated with the PROs and other efficacy and
tolerability data needs to be interpreted with this in mind.

With newer targeted therapeutics, there is a need to learn much
more about safety and tolerability across a wide range of doses,
and the current dose-finding models focusing on a single
“optimal” dose may no longer work. A fundamental element
of the decision-making process for determining safety and
tolerability currently missing is the patient experience. It has
been assumed that the physician, through patient interaction
and AE reporting, can provide a sufficient reflection of the
patient experience, but the evidence demonstrates that this is
not reliable. Some important symptoms for patients are missed
completely. The severity of other symptoms is underreported.
Further, with newer targeted agents, AEs may accumulate over
time, and the chronic nature or combination of events may make
a dose become intolerable for the patient later. If the patient’s
perspective is not considered, there is a risk of selecting dose
groups that are too high, leading to reduced compliance. It is,
therefore, necessary to build a PROM assessment strategy for
early phase trials that combines elements of well-established
scales to assess safety and tolerability in a package that is
practical and not burdensome, yielding vital data to support
decision-making as the trial progresses. Maximizing the value
of the early patient experience is ethically appropriate and
feasible, and drives efficiency in development programs and
patient exposure.
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Abstract

This study describes patients’ interaction with a personalized web-based visualization displaying daily electronic patient-reported
outcomes and wearable device data during outpatient chemotherapy.

(JMIR Cancer 2025;11:e62711)   doi:10.2196/62711
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Introduction

Chemotherapy can cause significant symptoms that impact the
quality of life [1]. Although electronic patient-reported outcome
(ePRO) systems for collecting symptom ratings from patients
have become increasingly common in cancer care, most of these
are designed for clinicians, and fewer than half share data
visualizations with the patients [2,3]. Visualization of ePRO
and other data (eg, wearable device data) may help patients

undergoing cancer treatment find patterns that help them to
prepare for future treatment cycles, manage side effects, and
have productive conversations with clinicians [4,5].

As part of a prospective longitudinal National Cancer
Institute–funded study to develop a remote symptom monitoring
system during chemotherapy [6], we created mobile-friendly
web visualizations of each patient’s daily symptom ratings and
wearable device data (Figure 1). The aim of this paper is to
describe patterns of use of these novel visualizations.

Figure 1. Visualizations of daily symptom ratings and wearable data with self-care resources.

Methods

Recruitment and Study Design
Participants undergoing chemotherapy for any solid tumor and
who owned smartphones were recruited from oncology clinics

at a single academic center in Pittsburgh, Pennsylvania. During
the study, the participants wore a Fitbit device (Inspire; Google
LLC) and reported 16 symptoms commonly experienced during
chemotherapy (eg, nausea, fatigue) daily, using the
patient-reported version of the Common Terminology Criteria
for Adverse Events [7]. The website also included
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evidence-based symptom self-management resources as
described by Donovan et al [8].

At the time of enrollment, we provided each patient with a
personalized link to their real-time visualizations; however, no
instructions about viewing frequency for the visualizations or
usage reminders were given during the study. At the end of the
3-month study, 141 patients completed an electronic- or
paper-based 11-question survey (mean completion time was 5
min) to assess whether they used the visualizations, frequency
of use, helpful information, and suggestions for improvement.
Data were collected between February 2022 and April 2024.

Ethical Considerations
The University of Pittsburgh’s Institutional Review Board
approved all study activities (19070011). At the time of
enrollment, all participants provided informed written consent.
All data were stored in secure locations and identified only by
anonymized study ID numbers. Participants received US $100
and could keep the Fitbit device (estimated value $100).

Results

Characteristics of the participants can be found in Table 1.
Survey respondents were heterogeneous in age (mean 61, SD

12; range 29-92 years), race (113/141, 80% White; 28/141, 20%
other races), and cancer stage (75/135, 56% stage IV).
Approximately half (76/141, 54%) of the participants accessed
the link to their data visualizations. Participants with non-binary
gender (n=1, 0.7%) and unknown cancer stage (n=6, 4.3%) were

excluded from χ2 analysis while comparing participants who
accessed their visualizations. There were no significant
differences between the participants who clicked on the link
and those who did not during the study in terms of mean age
(P=.74), gender (P=.66), race (P=.50), or cancer stage (P=.31).
Of those who accessed the platform, most (54%, 41/76) viewed
it a few times (ie, less than monthly), while 13% (10/76) used
it daily. The 10 daily users were within 3 months of starting
chemotherapy for the first time. Most participants (58/75, 77%)
found the visualizations somewhat or very helpful/informative.
Few participants shared their data with family members or
friends (11/141, 8%) and with others (2/141, 1%); none shared
data with their providers or other patients. Participant–suggested
improvements included reminders to view graphs and the ability
to enter treatment and surgery dates.

Table . Participant characteristics.

P valueTest statistic (df)aClicked the link (n=76)Did not click the link
(n=65)

Overall (N=141)Characteristics

.74t (130.1)=0.6860 (11)61 (13)61 (12)Age (years), mean
(SD)

.66bχ2(1)=0.2Gender, n (%)

49 (64.5)45 (69.2)94 (66.7)Female

26 (34.2)19 (29.2)45 (31.9)Male

1 (1.3)0 (0)1 (0.7)Non-binary

0 (0)1 (1.5)1 (0.7)Unknown

.5χ2(1)=0.45Race, n (%)

63 (82.9)50 (76.9)113 (80.1)White

13 (17.1)15 (23.1)28 (19.8)Othersc

.31dχ2(1)=1.04Stage IV cancer, n (%)

36 (47.4)39 (60.0)75 (53.2)Yes

35 (46.0)25 (38.5)60 (42.5)No

5 (6.6)1 (1.5)6 (4.3)Unknown

aWelch two sample t-test and Pearson’s χ2 test were used, as appropriate; degrees of freedom (df) are provided in parentheses.
bParticipants with non-binary or unknown gender were excluded from this test.
cOther race category included Black or African-American (n=24), Asian (n=2), and more than one race (n=2).
dParticipants with unknown cancer stage were excluded from this test.

Discussion

Overview
Providing real-time visualizations of ePRO and activity data
throughout chemotherapy may help patients anticipate and

manage symptoms effectively and potentially identify patterns
between activity or other sensor data and symptoms. These
preliminary findings suggest that patients are motivated to view
their data, and these visualizations were accessible to patients
of different ages, races, and cancer stages. Daily users, who
were mostly new to chemotherapy, may have higher levels of
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anxiety and a greater need for health information [9]. Future
studies should investigate the potential benefits of patient-facing
visualizations for patients beginning chemotherapy.

Limitations
The visualizations and other website content were developed
as part of an ancillary project in an ongoing study, and
participants received no instructions or reminders regarding
website usage. Survey respondents represented a subset
(141/158, 89%) of participants, who received personalized

visualizations, and the results may be influenced by selection,
response, and recall biases.

Conclusion
This study describes initial efforts to share real-time ePRO and
wearable device data visualizations with patients undergoing
chemotherapy. Further research is needed to improve the
usability of data visualizations and evaluate their impact on
symptom management, self-efficacy, and other outcomes.
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Abstract

Background: Cancer is the second leading cause of death in the United States. Compelling evidence shows screening detects
colorectal cancer (CRC) at earlier stages and prevents the development of CRC through the removal of precancerous polyps. The
Healthy People 2030 goal for CRC screening is 68.3%, but only 36.5% of Missouri federally qualified health center patients aged
50‐75 years are up-to-date on CRC screening. For average risk patients, there are three commonly used screening tests in the
United States—two types of stool tests collected at home (fecal immunochemical test [FIT]–immunochemical fecal occult blood
test [FOBT] and FIT-DNA, such as Cologuard) and colonoscopies completed at procedural centers.

Objective: This study aims to examine variation by month for the three types of CRC testing to evaluate consistent patient care
by clinical staff.

Methods: Data from 31 federally qualified health center clinics in Missouri from 2011 to 2023 were analyzed. A sample of
34,124 unique eligible “average risk” patients defined as persons not having a personal history of CRC or certain types of polyps,
family history of CRC, personal history of inflammatory bowel disease, and personal history of receiving radiation to the abdomen
or pelvic to treat a previous cancer or confirmed or suspected hereditary CRC syndrome. Another eligibility criterion is that
patients need to be seen at least once at the clinic to be included in the denominator for the screening rate calculation. Descriptive
statistics characterize the sample, while bivariate analyses assess differences in screening types by month.

Results: Completion of CRC screening yielded statistically significant differences for patients completing the different types
of CRC screening by month. October-January had the highest proportions of patients (644-680 per month, 8.5%‐10.2%) receiving
a colonoscopy, while February-April had the lowest (509-578 per month, 6.9%‐7.8%), with 614 being the average monthly
number of colonoscopies. For FIT-FOBT, June-August had the higher proportions of patients receiving this test (563-613 per
month, 8.9%‐9.6%), whereas December-February had the lowest (453-495 per month, 7.1%‐8%), with 541 being the average
monthly number of FIT-FOBT kits used. For FIT-DNA, March was the most popular month with 11.3% (n=261 per month) of
patients using the Cologuard test, followed by April, May, and November (207-220 per month, 8.7%‐9.4%), and January and
June (168-171 per month, 7.2%-7.3%) had the lowest proportion of patients using Cologuard, with 193 being the average monthly
number of FIT-DNA kits used. Combining all tests, February had the fewest CRC tests completed (1153/16,173, 7.1%).

Conclusions: Home-based tests are becoming popular, replacing the gold standard colonoscopy, but need to be repeated more
frequently. Monthly variation of screening over the course of a year suggests that CRC screening efforts and patient care may be
less than ideal. Months with lower rates of screening for each type of CRC test represent opportunities for improving CRC
screening.

(JMIR Cancer 2025;11:e64809)   doi:10.2196/64809

KEYWORDS

colorectal cancer screening; federally qualified health center; FQHC; fecal immunochemical test; FIT; FIT-DNA; colorectal
cancer; CRC; cancer; cancer screening; colonoscopy; United States; health center; quality improvement

Introduction

Colorectal cancer (CRC) is the third most common cancer in
the United States and the second leading cause of cancer deaths
[1]. Evidence shows that screening detects CRC at earlier stages,

and its development can be prevented by removing precancerous
polyps. For average risk patients, there are three common
screening tests—two types of stool tests collected at home (fecal
immunochemical test [FIT]–immunochemical fecal occult blood
test [FOBT] and FIT-DNA, like Cologuard) and colonoscopies
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completed at procedural centers. The revised Healthy People
2030 goal for CRC screening among people aged 45‐75 years
changed from 74.4% to 68.3% [2]. Federally qualified health
centers (FQHCs) provide low-cost care for approximately 30
million people, and 90% of FQHCs’ patient population
(n=17,562,189) have an income less than 200% of the federal
poverty level [3,4]. The CRC screening rate of patients using
FQHCs in Missouri (n=95,191) is 36.5% compared to 74.1%
for patients not using FQHCs (n=1,657,026) [5].

Colonoscopy is considered the gold standard of CRC screening
since precancerous polyps can be removed at the time of the
test, preventing cancer. However, numerous patient and health
system barriers to colonoscopies have been identified [6].
Home-based testing is becoming more common, and FIT-DNA
use has increased post COVID-19 [7]. The increased FIT-DNA
use may reflect patient preference for home-based testing that
does not incur being wait-listed for months to get a colonoscopy
[8]. Additionally, the manufacturer of FIT-DNA provides a full
service in facilitating patients’ completion of the test. This
service includes a patient follow-up to encourage returning the
kits and results sent directly to the patient’s electronic medical
record. For the FIT tests, a clinic is responsible for patient
follow-ups regarding stool collection and sending the kit in for
analysis [9].

Since screening opportunities take place at patients’ routine
visits to health centers, determining screening variation by
month can assist health care systems adjust outreach efforts,
targeting low use months to establish consistently high CRC
screening opportunities throughout the year.

Objective
This quality improvement project aims to determine if there is
variation in the 3 types of CRC testing by month. Identifying
variations by month can support targeted attention. The global
aim of the quality improvement project was to support FQHCs’
in providing CRC screening opportunities with consistent
screening rates each month.

Methods

Overview
Starting in 2020 as part of a 5-year Centers for Disease Control
and Prevention–funded quality improvement program, our
project supported eight health care systems’ initiation or
enhancement of four evidence-based interventions to increase
CRC screening rates of age-eligible patients using a practice
facilitator model. As part of this quality improvement program,
up to 4 years of annual data on CRC screening by type and date
of completed CRC test for the eligible patient population in the
selected health care system were available. Patient
characteristics including age, race/ethnicity, primary language,
and sex were gathered. Screening compliance was defined as a
colonoscopy recommended every 10 years, FIT-FOBT every
year, and FIT-DNA every 3 years. Screened for CRC was
defined as having a medical record of being up-to-date on one
of the three types of tests. For this analysis, eligible patients
were aged 50‐75 years with no prior diagnosis of CRC,
adenomatous polyps, or inflammatory bowel disease, and no

personal diagnosis or family history of known genetic disorders
that predispose them to a high lifetime risk of CRC such as
Lynch syndrome or familial adenomatous polyposis [10].
Descriptive statistics characterize the sample, while bivariate
analyses assess differences in screening types by month. While
examining monthly CRC screening rates, data were limited to
exclude years where fewer than 10 screenings occurred for any
given month. Monthly totals were first calculated, and the
average number of tests across all months was used to calculate
the average percentage change (increase or decrease) month to

month. A χ2 test for equal proportions of the CRC screening
tests by month among the 3 types of CRC tests was then
examined. Month was chosen as the unit of analysis since it is
easily understood, helping plan and implement activities. A
weekly analysis has fewer observations leading to less stable
numbers, and holidays influence the days in any week. SAS 9.4
(SAS Institute) was used for the analysis.

Ethical Considerations
This project was approved by University of Missouri’s
Institutional Review Board (IRB 2034264), which allowed
analysis of clinical data extracted from electronic medical
records without additional consent for the secondary analysis.
The data were deidentified for the analysis. All data were
transmitted and stored in a Health Insurance Portability and
Accountability Act (HIPAA)–compliant secure system
(REDCap) [11].

Results

A total of 31 clinics servicing predominately rural residents
yielded 34,124 unique eligible patients from 2011 to 2023.
Among these, 6238 (18.3%) were up to date on their CRC
screening, another 5170 (15.2%) had received a CRC screening
at some time in the past but were not up to date, and the
remaining 22,716 (66.6%) patients had no record of being
screened for CRC. Most participants were 50‐64 years old
(n=24,014, 70.4%), were female (n=19,229, 56.4%), used
English as their primary language (n=31,686, 92.9%), and were
White (n=27,677, 81.1%; Table S1 in Multimedia Appendix
1). Fewer participants younger than 65 years were up to date
on their CRC screening than those 65 years and older. Patients
with the highest proportion of ever being screened were Hispanic
(837/2032, 41.2%), compared to White (9391/27,677, 33.9%)
and Black (533/1385, 38.5%), but fewer Hispanic participants
(n=260, 12.8%) were up to date compared to White (n=5386,
19.5%) and Black (n=268, 19.4%) participants (Table S1 in
Multimedia Appendix 1). The FQHC systems in this analysis
served 87% of patients who were at or below 200% of the
federal poverty guidelines. Most clinics (n=28, 90.3%) were
located in rural areas of Missouri. Among the clinics, the 2023
annual CRC screening rates ranged from 13.7% to 63.1%
(62/451 and 238/377 eligible patients, respectively).

Table S2 in Multimedia Appendix 1 breaks down the descriptive
statistics on monthly CRC screenings. There were 7368 patients
who were up to date on CRC screening by colonoscopy with
an average of 614 screenings per month from 2014 to 2023. A

χ2 test for equal proportions found significant differences across
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monthly colonoscopy screenings (χ2
11=38.9; P<.001). January

was the highest month for colonoscopy screenings (n=680, 11%
higher than the average), while February was the lowest (n=509,
17% lower than the average; Figure 1). For FIT-FOBT (n=6486),
there were an average of 540.5 screenings per month from 2017

to 2023. A χ2 test for equal proportions found significant

differences across monthly FIT-FOBT screenings (χ2
11=51.7;

P<.001). August was the highest month for FIT-FOBT
screenings (n=613, 13% higher than the average) compared to

January (n=468, 14% lower than the average) and February
(n=453, 16% lower than the average; Figure 2). There were
2319 FIT-DNA screenings, with an average of 193.3 per month

from 2020 to 2023. A χ2 test for equal proportions found
significant differences across monthly FIT-FOBT screenings

(χ2
11=49.2; P<.001). March was the highest month (n=261,

35% higher than the average) while January (n=168, 13% lower
than the average) and August (n=153, 21% lower than the
average) were the lowest months for FIT-DNA testing (Figure
3).

Figure 1. Colonoscopy by month (2014‐2023).
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Figure 2. Fecal immunochemistry test–immunochemical fecal occult blood test by month (2017‐2023).
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Figure 3. Fecal immunochemistry test–DNA by month (2020‐2023).

Discussion

Principal Findings
Among the 3 types of CRC screening for average risk patients
seen at our FQHCs in the United States, no test was completed
consistently by month, and each test had different peak months
of completion. We were not able to find any research that
compared variation by month in CRC screening test types of
colonoscopy, FIT-FOBT, and FIT-DNA. To our knowledge,
this is the first study that provides results of CRC screening
type by month.

As reflected in our screening choices by patients seen at FQHC
clinics, home-based CRC screening increased during the
COVID-19 pandemic’s closures of specialty care including
elective procedures (eg, colonoscopies) [7]. This change in CRC
screening options allowed for testing at the discretion of the
patient rather than appointment availability.

Strengths and Limitation
One strength of this study was evaluating patients over 12 years
from several FQHCs. These data were snapshots of each year’s
CRC screening behavior by the health care systems. This also
captured screening behavior before and after the pandemic.

One limitation of this study was our inability to explain the
variability by month of the different screening tests. For
example, FIT-DNA and FIT-FOBT tests peaked in CRC
awareness month in March but not colonoscopies. Additionally,
while the results are informative, only a simple analysis of
screening variability was performed, which excluded an
examination of temporal changes over time.

The preferences of clinicians on which CRC screening test is
recommended and their patient care style were not captured.
For example, some clinicians only recommend colonoscopy
[12-14]; however, some patients who decline a colonoscopy
[15] would be willing to complete a home-based CRC screening
test if offered. Further reasons for CRC screening refusal of any
test were also not captured. These could be a factor in the CRC
test variation by month.

Future Direction
Among the selected participant characteristics, attention is
needed on those younger than 65 years to encourage CRC
screening. Similarly, while 41.2% of Hispanic participants
showed a positive attitude toward CRC screening, only 12.8%
were up to date with their screening. This suggests that tailored
campaigns and outreach programs could encourage greater
participation in CRC screening. For all populations, screening
matters since the variance in testing over a year can impact the

JMIR Cancer 2025 | vol. 11 | e64809 | p.1091https://cancer.jmir.org/2025/1/e64809
(page number not for citation purposes)

McElroy et alJMIR CANCER

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


health care system’s capacity for timely preventive patient care.
Gastroenterologist availability to complete colonoscopies may
be limited in some regions of the country, but home-based tests
can be completed each month [8]. Undoubtedly, individual-level
barriers influence CRC screening rates, such as transportation,
medical mistrust, financial issues, and low health literacy [16].
However, organizational factors, including monitoring and
feedback, have been identified as implementation facilitators

[16]. Rockwell and colleagues [6] described health system
barriers, especially for colonoscopies, as sludge, “frictions or
administrative burdens that make it difficult for people to attain
what they want or need.” Providing clinical staff information
on completed CRC screening rates by month for each test type
may facilitate addressing these “sludge” issues and increase
CRC screening [8,17].
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Abstract

Background: Generative artificial intelligence (AI) chatbots may be useful tools for supporting shared prostate cancer (PrCA)
screening decisions, but the information produced by these tools sometimes lack quality or credibility. “Prostate Cancer Info” is
a custom GPT chatbot developed to provide plain-language PrCA information only from websites of key authorities on cancer
and peer-reviewed literature.

Objective: The objective of this paper was to evaluate the accuracy, completeness, and readability of Prostate Cancer Info’s
responses to frequently asked PrCA screening questions.

Methods: A total of 23 frequently asked PrCA questions were individually input into Prostate Cancer Info. Responses were
recorded in Microsoft Word and reviewed by 2 raters for their accuracy and completeness. Readability of content was determined
by pasting responses into a web-based Flesch Kincaid Reading Ease Scores calculator.

Results: Responses to all questions were accurate and culturally appropriate. In total, 17 of the 23 questions (74%) had complete
responses. The average readability of responses was 64.5 (SD 8.7; written at an 8th-grade level).

Conclusions: Generative AI chatbots, such as Prostate Cancer Info, are great starting places for learning about PrCA screening
and preparing men to engage in shared decision-making but should not be used as independent sources of PrCA information
because key information may be omitted. Men are encouraged to use these tools to complement information received from a
health care provider.

(JMIR Cancer 2025;11:e72522)   doi:10.2196/72522

KEYWORDS

generative artificial intelligence; chatbot; chatGPT; prostate cancer; cancer screening; shared decision making; artificial intelligence

Introduction

Generative artificial intelligence (AI) chatbots such as ChatGPT,
Google Gemini, and Microsoft Copilot have become highly
publicized for enhancing work efficiency and effectively
responding to diverse queries. These sophisticated programs
leverage large language models, machine learning, and natural
language processing to understand and respond to a query with
publicly available or third-party information [1]. Over the past
2 years, researchers have demonstrated a growing interest in
evaluating generative AI chatbots for providing quality health
and cancer information [2-4]. While the performance of
generative AI chatbots has varied depending on the disease
queried, complexity of the query, and brand of chatbot used,
these tools show promise for being reliable health information
resources in the future [3,5,6].

In terms of prostate cancer (PrCA), the second leading cause
of cancer mortality among men in the United States [7], the

American Cancer Society (ACS) [8], American Urological
Association (AUA) [9,10], and the United States Preventive
Services Task Force (USPSTF) [11] recommend that men make
shared PrCA screening decisions with their health care
providers. To prepare for this important decision, men need
access to credible, readable, and culturally-appropriate (eg,
African Americans have a higher mortality risk [12]) PrCA
screening information [13]. Multiple studies have investigated
the quality of PrCA information generated by AI chatbots
[14-22]. Overall, these studies show that PrCA information
produced by chatbots can be accurate, reliable, and moderately
comprehensive, but readability and credibility are often
compromised. In a recent study by the authors, Owens and
Leonard [23] discovered that soliciting plain-language responses
from chatbots to PrCA screening inquiries significantly
enhanced the response’s readability. Conversely, credibility
was difficult to ascertain because generative AI chatbots do not
consistently reference authoritative information sources [23].
To create a reliable and credible plain-language resource for
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PrCA screening information, we have developed “Prostate
Cancer Info” (PCI), a generative AI chatbot using Open AI’s
custom GPT platform [24]. PCI is unique because it only
responds to inquiries from credible, PrCA expert-curated
websites (like the ACS). This method is different from current
generative AI chatbots, which search the entire web and produce
responses from a variety of expert-vetted and non-vetted sources.
In addition, we have programmed PCI to always provide a
source for responses, which is uncommon for current generative
AI chatbots. Finally, we have programmed PCI to provide
responses that do not exceed 6th to 8th grade readability as
recommended by the American Medical Association [25]. The
study’s purpose is to evaluate the accuracy, completeness, and
readability of PCI responses to 23 frequently asked PrCA
screening questions. The study will contribute insight into the
safety and efficacy of using AI chatbots for shared PrCA
screening decision-making and the usefulness of developing
customized AI chatbots for PrCA decision-making.

Methods

Intervention Development
Author MSL developed PCI using a multistep process. Websites
published by the ACS, AUA, USPSTF, and Centers for Disease
Control and Prevention (CDC) were programmed into the GPT
builder [24]. The rationale for limiting our search to these
websites is that these organizations are globally recognized for
providing timely, evidence-based PrCA screening education
and recommendations. In particular, the PrCA screening
recommendations from the ACS, AUA, and USPSTF are the
most widely recognized in US PrCA research and clinical
practice. PCI was then directed to draw responses exclusively
from these websites in the order listed. Therefore, PCI relied
on the ACS website as a primary source unless the information
was unavailable or was requested from a non-ACS source. Strict
directives were given to PCI to (1) only retrieve information
from websites provided, (2) respond with language at or below
8th grade readability, (3) ignore non-PrCA queries, and (4)
provide sources for responses. PCI was pretested to confirm its
adherence to these directives.

PCI answers user questions through a well-defined process:
first, it limits itself to information from preapproved websites.

Then, it indexes these sites, reading and organizing their content.
When a user asks a question, PCI searches its indexed data for
relevant details, analyzes the information to understand the
context, and creates a concise, accurate answer from approved
sources. This ensures consistent and trustworthy answers.

Study Protocol
A total of 23 frequently asked PrCA questions were adopted
from previous studies by Zhu et al [15] and Owens and Leonard
[23]. One author entered questions into PCI. Responses were
saved in a document for rating by both authors. The authors
used a coding form containing questions with key points and
answers from ACS and CDC education resources[26,27], along
with screening recommendations from the ACS, AUA, and
USPSTF [8-11], and checkboxes to evaluate whether a response
was accurate (contained correct statements) and complete
(presented all salient facts without significant omissions). For
example, a response to “What is the prostate?” would be
considered accurate if it stated that the prostate is a gland that
is a part of the male reproductive system. However, to be
considered complete, the response would also need to include
information on the size of the prostate, its location, and its
purpose. If any parts of the response were not correct, they were
rated as inaccurate. Table 1 shows the key points used to
determine accuracy and completeness. Each of these key points
is critical to a shared PrCA decision because a patient must
consider factors such as the risks, benefits, and uncertainties of
screening; their age, race, family history; and their personal
values and preferences. Our chatbot responses have been
included in Multimedia Appendix 1. Additional space was
allotted on the coding form to record details about inaccuracies
or omissions. The authors had 100% interrater agreement. The
readability of responses was determined via a web-based Flesch
Kincaid Reading Ease Scores calculator. Each response was
copied and pasted into the calculator, excluding the reference
website. The Flesch Kincaid Reading Ease Score uses total
words, sentences, and syllables in an excerpt of text to calculate
a score between 0 and 100, which corresponds to grade-level
readability. Scores of 60 to 100 are considered easy to read by
someone possessing an education at or below 8th to 9th grade.
Scores of 50 to 60 require a 10th to 12th grade education (ie,
fairly difficult) and scores below 50 require a college education
(ie, very difficult) to comprehend.
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Table . Key points for determining accuracy and completenessa.

Key pointsQuestions

Basic Questions

    What is the prostate? • Male reproductive organ.
• The size of the prostate increases with age but is walnut-sized in

younger men.
• Located below the bladder and in front of the rectum.
• Produces some of the fluid in semen.

    How common is prostate cancer? • About 313,780 new cases of prostate cancer (1 in 8 men).
• About 35,770 deaths from prostate cancer (1 in 44 men).

    What are the risks for prostate cancer? • Risk increases with age.
• More common among African-American men.
• More prevalent in North America, northwestern Europe, Australia,

and the Caribbean islands.
• Risk is doubled if a man has a first-degree relative (eg, father,

brother, or son) with prostate cancer gene mutations can increase the
risk for prostate cancer.

• Less common risk factors are diet, obesity, smoking, chemical expo-

sure, inflammation of the prostate, STIsb, and vasectomy.

    When and how often should a man be screened for prostate cancer? • ACSc: ages 50 years (average risk), 45 years (high risk), and 40 years
(very high risk).

• AUAd: ages 45 to 50 years (average risk) and age 40 years (high
risk).

• USPSTFe: age 55 to 69 years (average risk).

    What are the symptoms of prostate cancer? • Can have no symptoms in early stages.
• Urinary problems.
• Blood in urine or semen.
• Erectile dysfunction.
• Pain in hips, back, chest, or other areas.
• Weakness or numbness in legs or feet.
• Loss of bladder or bowel control.

    What are the types of screenings for prostate cancer? • DREf and gloved finger test are not 100% accurate.
• PSAg, a blood test, is not 100% accurate and can produce false posi-

tives and false negatives.

    What are the benefits and harms of prostate cancer screening? • Benefit: can find cancer early.
• Harms: tests, especially PSA can produce false positives or negatives,

which can lead to unnecessary tests or treatments, which carry risks.

    How is prostate cancer diagnosed? • Biopsy: tissue samples from the prostate.

    What are the risks of a prostate biopsy? • Pain, blood in the semen, or infection.

    How long can I live if I have prostate cancer? • The 5-year relative survival rate is 97% on average, but depends on
how far the cancer has spread.

Difficult Questions

    Is the PSA or DRE more effective for finding prostate cancer? • PSA is more effective.

    My father had prostate cancer. Will I have prostate cancer too? • Having a father or brother with prostate cancer can more than double
a man’s risk of prostate cancer.

    I have a high PSA level. Do I have prostate cancer? • The probability of having prostate cancer increases with PSA level
but there is no set PSA level that can definitively indicate the presence
of prostate cancer.

    What does a PSA level of 4 mean? • Men with a PSA level between 4 and 10 have about a 1 in 4 chance
of having prostate cancer.
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Key pointsQuestions

• The chance of having prostate cancer is 50% with a PSA of 10 or
more.

    What does a PSA level of 10 mean?

• The chance of having prostate cancer is more than 50% with a PSA
of 20 or more.

    What does a PSA level of 20 mean?

• The prostate health index (PHI).
• 4Kscore test.
• IsoPSA test.
• Urine-based tests.

    What newer tests for prostate cancer may be more accurate than the
PSA test?

• Some men who have a strong family history or certain inherited genes,
prior cancer diagnosis, or cancer that has spread to other parts of the
body, should speak to their health care provider about this option.

    If my biopsy sample is positive for cancer, should I receive genetic
testing?

Will depend on the stage and grade of the cancer and their:
• Age and expected lifespan.
• Other serious health conditions.
• Feelings about treatment.
• The likelihood of a cure and doctor’s opinion.
• Feelings about treatment side effects.

    If my biopsy sample is positive for cancer, how soon should I start
treatment?

• At home PSA tests do not give a man an opportunity to make a shared
decision with their health care provider about the risks, benefits, and
uncertainties of the PSA test.

    Are there any cons to taking an at-home PSA test?

• Screening should begin at age 40 based on both the ACS and AUA
screening guidelines.

    I am an African-American male, aged 40, with a family history of
prostate cancer, at what age should I begin receiving prostate cancer
screening?

Response should include all key points such as:
• Prostate cancer incidence and mortality statistics.
• Prostate cancer risks for African-American men.
• Symptoms for prostate cancer.
• Screenings for prostate cancer for African-American men.
• Risks and uncertainties of prostate cancer screening.
• Meaning of PSA results.
• Biopsy for diagnosis.
• Risk of biopsy.
• Steps after a positive biopsy.

    I am an African-American male, aged 40, with a family history of
prostate cancer, can you provide me with all of the information I need to
know to make a shared decision about prostate cancer screening?

• ACS: ages 50 years (average risk), 45 years (high risk), and 40 years
(very high risk).

• AUA: age 45 to 50 years (average risk) and age 40 years (high risk).
• USPSTF: age 55 to 69 years (average risk).

    What are the differences in screening recommendations between major
health organizations?

aKey points developed from web sources produced by ACS, CDC, AUA, and UPSTF.
bSTI: sexually transmitted infection.
cACS: American Cancer Society.
dAUA: American Urological Association.
eUSPSTF: United States Preventive Services Task Force.
fDRE:digital rectal exam.
gPSA: prostate specific antigen test.

Data Analysis
Data was transferred from coding forms to Microsoft Excel
spreadsheets for analysis. Descriptive statistics were calculated
to determine the percentage of questions answered accurately
and completely. An average mean readability score was also
calculated.

Results

Accuracy and Completeness
Responses to all questions were accurate. In total, 17 of 23
questions (74%) were answered completely. Of the 6 questions
with less complete responses, one lacked information about
geography as a risk for PrCA and the higher prevalence of PrCA
in North America. Of note is that this response recognized that
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African Americans may be at greater risk for the disease, but
statistics were not provided in any responses that substantiated
the burden of incidence and mortality among African-American
men. A total of 3 questions related to the meanings of PSAs of
4, 10, and 20 lacked statistics about the probability of PrCA,
but did state men’s greater chance of being diagnosed with
PrCA at PSAs higher than 4. A fifth question about how soon
a man should start treatment after a positive biopsy lacked
information about how age, expected life span, comorbidities,
and patient feelings about side effects factor into treatment
decisions. Finally, a sixth question about what information an
African-American male, aged 40 years with a family history of

PrCA needs to know to make a shared screening decision
yielded an answer that lacked information about what PSA
results mean or the purpose and risks of a prostate biopsy.

Readability
The average readability was 64.5 (SD 8.7), which indicates most
responses were written at an 8th-grade level or below. However,
5 of 23 responses (22%) were written at a 10th to 12th grade
reading level and 1 response was written at a college level. In
addition, 3 of the 5 responses addressed difficult questions.
Scores ranged from 48.6 to 81.3. The lowest readability score
(ie, 48.6) was in response to a basic question about symptoms
of PrCA (see Table 2).
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Table . Accuracy, completeness, and readability of Prostate Cancer Info responses to questions about prostate cance.

Readability scoreComplete?Accurate?Questions

Basic questions

81.3YesYes    What is the prostate?

79.4YesYes    How common is prostate cancer?

65.5NoYes    What are the risks for prostate
cancer?

70.3YesYes    When and how often should a
man be screened for prostate can-
cer?

48.6aYesYes    What are the symptoms of
prostate cancer?

70.8YesYes    What are the types of screenings
for prostate cancer?

64.6YesYes    What are the benefits and harms
of prostate cancer screening?

71.5YesYes    How is prostate cancer diag-
nosed?

56.1bYesYes    What are the risks of a prostate
biopsy?

63YesYes    How long can I live if I have
prostate cancer?

Difficult questions

74.7YesYes    Is the PSAc or DREd more effec-
tive for finding prostate cancer?

60.4YesYes    My father had prostate cancer.
Will I have prostate cancer too?

70.7YesYes    I have a high PSA level. Do I
have prostate cancer?

67.5NoYes    What does a PSA level of 4
mean?

67.2NoYes    What does a PSA level of 10
mean?

67.5NoYes    What does a PSA level of 20
mean?

63.1YesYes    What newer tests for prostate
cancer may be more accurate than
the PSA test?

52.4bYesYes    If my biopsy sample is positive
for cancer, should I receive genetic
testing?

58.8bNoYes    If my biopsy sample is positive
for cancer, how soon should I start
treatment?

65YesYes    Are there any cons to taking an
at-home PSA test?

51.8bYesYes    I am an African-American male,
aged 40, with a family history of
prostate cancer, at what age should
I begin receiving prostate cancer
screening?
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Readability scoreComplete?Accurate?Questions

51.6bNoYes    I am an African-American male,
aged 40, with a family history of
prostate cancer, can you provide me
with all of the information I need to
know to make a shared decision
about prostate cancer screening?

60.6YesYes    What are the differences in
screening recommendations be-
tween major health organizations?

—e74100Total (yes), %

64.5 (8.7)——Readability score, mean (SD)

65 (48.6-81.3)——Readability score, median (range)

aReadability was very difficult (requires a college education).
bReadability was fairly difficult (requires a 10th to 12th grade education).
cPSA: prostate specific antigen test.
dDRE: digital rectal exam.
eNot applicable.

Discussion

Principal Findings
PCI had pristine accuracy and average completeness and
readability. On average, completeness and readability were
higher on responses to basic questions as compared to difficult
questions. Specifically, 9 of 10 (90%) of the responses to basic
and 8 of 13 (62%) of the responses to difficult questions were
complete. In addition, 8 of 10 or (80%) and 9 of 13 (69%) of
readability scores for basic and difficult questions, respectively,
were below an 8th to 9th grade level. Difficult questions often
contained longer and more complex responses, which likely
affected readability. Furthermore, 4 of the 6 incomplete
responses only lacked 1 key point which did not significantly
dilute these responses. For example, 3 responses on PSA levels
at 4, 10, and 20 did not effectively highlight differences in
cancer likelihood (eg, over 50% chance), but each response
indicated a greater chance of prostate cancer. Therefore, men
would be informed that a PSA over 4 is concerning and warrants
counsel from a provider. Key points missed in responses about
when to start treatment for any man and about shared
decision-making for African-American men are more concerning
as the omitted information (eg, biopsy as a diagnosis tool) is
focal to a PrCA screening decision. Not possessing this
knowledge could lead to a PrCA screening decision that is not
ideally informed and may not truly be shared between the patient
and their healthcare provider. Specifically, knowing that the
biopsy, not the PSA, is the only definitive means to diagnose
PrCA may somewhat lessen the fear of an increased PSA score
because another diagnostic step exists. Being informed about
the biopsy could also prompt shared discussion about the
relevance of a biopsy for the patient’s circumstance. In addition,
providing African-American men with all the information
necessary to share a PrCA screening decision based on their
demographic profile could be exceptionally useful for those
men who may lack access to a question list, and not have time
to ask multiple questions to an AI chatbot, or simply want a
more tailored answer to their given circumstance. This tailored

information can also facilitate a shared PrCA screening decision
that is more patient-centered.

Limitations
The 23 questions we used may not reflect the full breadth of
inquiries someone may have about PrCA screening. PCI was
programmed to seek information from a finite set of websites
from key medical authorities, but several equally credible
websites were not included (eg, Mayo Clinic), which may have
slightly improved PCI’s performance. While much of the general
information about PrCA on these additional websites (eg, signs,
symptoms, and prostate anatomy) would likely be similar, there
may be cutting-edge research on new PrCA screenings that may
not yet be publicized on ACS or similar websites but could
provide additional context for more difficult questions like those
related to newer tests for PrCA. Finally, although rigorous
research methods, such as interrater reliability, were used to
mitigate any study bias, we acknowledge that as the developers
of PCI, we may be susceptible to unconscious biases that could
have affected our ratings. For transparency, we have included
all PCI responses in Multimedia Appendix 1. Future studies to
evaluate PCI and similar chatbots should include external raters
and user feedback.

Comparison With Previous Work
Similar to our previous research [23] and research by others
[15-19,21,22], generative AI chatbots like PCI can be highly
accurate when responding to PrCA and PrCA screening
inquiries. The completeness and readability of Prostate Info’s
responses to PrCA screening questions varied. PCI generally
performed better than Lombardo et al [20] and comparable with
Geantă et al [20-22], both of whom investigated chatbot
performance on non-US PrCA guidelines. As compared with
studies using US PrCA guidelines, PCI performed better than
ChatGPT-3.5 (OpenAI), ChatGPT-4 (OpenAI), Microsoft
Co-Pilot, Google Gemini, and Google Gemini Advanced, but
equal to Microsoft Copilot on completeness of responses to
basic PrCA screening queries posed in our previous comparative
study, which solicited both standard and plain-language (ie low
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literacy) responses [23]. However, the average readability on
basic questions was lower than all, but one (ie, Microsoft
Co-Pilot) generative AI chatbot when considering plain language
responses only [23]. Otherwise, PCI outperformed all, but one
(ie, Google Gemini Advanced) chatbot when we asked it to
provide a standard response [23]. Compared to Zhu et al [15],
who evaluated multiple generative AI chatbots’ performance
on a similar combination of basic and difficult questions to our
study, PCI did not perform nearly as well as ChatGPT and
ChatGPT Plus (earlier versions of ChatGPT) on completeness.
PCI outperformed all other chatbots evaluated by Zhu et al [15]
including Perplexity (by Perplexity AI), YouChat (by You.com),
Chatsonic (by Writesonic), and NeevaAI (by Neeva). However,
PCI’s average readability may have been (but not definitively)

lower than all generative AI chatbots evaluated in Zhu and
colleagues’ [15] study. It is important to note that Zhu et al [15]
used a slightly different method for calculating completeness
and readability than this study or the study by Owens and
Leonard [23]. Zhu et al [15] determined the percentage of
comprehensiveness using a Likert approach as opposed to
indicating whether a response was simply complete or not
complete. Numbers listed in Table 3 for Zhu et al [15] represent
the percentage of questions that were “very comprehensive”
(ie, fully complete). Readability was rated by reviewers as
opposed to using a validated readability measure. Percentages
reported in Table 3 for Zhu et al [15], represent that percentage
of total responses that were “very easy to read.” SDs for Zhu
et al [15] were not reported.
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Table . Comparison of completeness and readability of chatbot responses on US prostate cancer screening guidelines.

Average readability scoreCompleteness, n/N (%)Chatbot nameStudy

%, mean (SD)mean (SD)

—b64.5 (8.7)17/23 (74)PCIaThis study

100 (NRd)—21/22 (95)cChatGPTZhu et al [15]

100 (NR)—20.3/22 (92)cChatGPT PlusZhu et al [15]

95 (NR)—14.3/22 (65)ChatSonicZhu et al [15]

98 (NR)—10.34/22 (47)YouChatZhu et al [15]

84 (NR)—8.8/22 (40)Neeva AIZhu et al [15]

95 (NR)—6.6/22 (30)Perplexity DetailedZhu et al [15]

95 (NR)—6.6/22 (30)Perplexity ConciseZhu et al [15]

—38.0 (7.6)6/11 (54)ChatGPT 3.5 standard re-
sponse

Owens et al [23]

—70.3 (7.2)e4/11 (34)ChatGPT 3.5 low literacy
response

Owens et al [23]

—43.1 (9.2)7/11 (63)ChatGPT 4.0 standard re-
sponse

Owens et al [23]

—74.1 (9.9)e7/11 (63)ChatGPT 4.0 low literacy
response

Owens et al [23]

—55.7 (10.4)6/11 (54)Google Gemini standard re-
sponse

Owens et al [23]

—81.0 (3.6)e5/11 (45)Google Gemini low literacy
response

Owens et al [23]

—66.3 (9.4)e6/11 (54)Google Gemini Advanced
standard response

Owens et al [23]

—79.4 (5.1)e6/11 (54)Google Gemini Advanced
low literacy response

Owens et al [23]

—50.8 (9.3)8/11 (72)Microsoft Copilot standard
response

Owens et al [23]

—65.1 (6.6)e6/11 (54)Microsoft Copilot low litera-
cy response

Owens et al [23]

—61.2 (9.5)7/11 (63)Microsoft Copilot Pro stan-
dard response

Owens et al [23]

—78.8 (4.7)e6/1 (54)Microsoft Copilot Pro low
literacy response

Owens et al [23]

aPCI: Prostate Cancer Info.
bNot applicable.
cChatbot had a higher completeness score than PCI.
dNR: not reported.
eChatbot had definitively higher readability scores than PCI based on the Flesch-Kincaid readability. Other scores may also be higher but were not
based on a validated measure.

We expected PCI to outperform most other commercially
available generative AI chatbots on completeness because of
its development using the latest ChatGPT-4.0 technology and
its directive to secure information from specific websites, but
PCI underperformed earlier versions of ChatGPT. Therefore,
additional training of the large language model that undergirds
ChatGPT-4.0 will be needed for this niche area. In addition,
unexpected was the lower average readability of responses from
PCI, especially compared to our previous work, which solicited
plain-language responses from multiple chatbots including

ChatGPT-3.5 and ChatGPT-4. Nonetheless, the average
readability of PCI is suitable for an audience with a middle
school education.

Conclusions and Future Directions
Generative AI chatbots, such as PCI, are great starting places
for learning about PrCA screening and preparing for shared
decision-making but should not yet be used as sole sources of
PrCA information because of their periodic omission of key
information. Nevertheless, with further testing and validation,
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model training, and refinement of the source selection process,
we hope PCI can be a publicly available resource for credible,
evidence-based, and culturally appropriate information for PrCA
screening decisions. In the future, PCI could be integrated into
the decision-making workflow by prompting patients to use
PCI before their medical visit via an emailed link or a 1-page
hard copy with a QR code. This same email or document could
contain multiple frequently asked questions about PrCA. Men
should be encouraged to pose as many of these questions as
possible, but especially those on our list that are more complex
(eg, Is the PSA or DRE more effective for finding prostate
cancer?) PCI questions and responses could then be saved on
their mobile device or printed, notated to indicate areas of
concern or need for clarity, and then taken to their appointment
to be used to guide the shared PrCA screening discussion.
During this discussion, the health care provider should ensure
that men understand their personal PrCA risk; screening options;
and risks, benefits, and uncertainties of PrCA screening. The
discussion should then shift to focus on men’s questions and
their screening preferences. Using this method of generative AI
integration into the shared decision process could fortify men’s
PrCA knowledge and identify patient values and preferences.

To improve the overall performance of PCI in the future, it will
be necessary to iteratively fine-tune our model which will
include expanding the sources from which PCI retrieves data,
which could include the most current peer-reviewed journal
articles in addition to websites of major research hospitals and
international health organizations. All sources will be curated
by a PrCA expert who will review each data source to ensure
it contains quality information. Equally important will be
soliciting routine feedback from health care providers and
patients through an embedded satisfaction survey that can enable
them to comment on the quality of questions developed by the
research team, potential questions that should be added to the
database, and the quality of the responses generated by the PCI.
Additional model training will come from tracking common
follow-up questions from users to incorporate them into the
initial responses. Based on these continuous feedback loops,
PCI’s performance could be improved significantly and always
remain up-to-date. Future research should focus on the clinical
deployment of PCI and testing to assess its acceptability, ease
of use in a clinical workflow, and usefulness in the shared PrCA
screening decision process.
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In “Benefits of Remote-Based Mindfulness on Physical
Symptom Outcomes in Cancer Survivors: Systematic Review
and Meta-Analysis” (JMIR Cancer 2025;11:e54154) an error
was noted.

Reference 46 was previously a duplicate of reference 26, as
follows:

Nissen ER, O’Connor M, Kaldo V, et al. Internet-delivered
mindfulness-based cognitive therapy for anxiety and depression

in cancer survivors: A randomized controlled trial. Psychooncol.
Jan 2020;29(1):68-75.

All in-text citations to reference 46 have been changed to 26,
the repeated reference information removed, and all subsequent
references renumbered accordingly.

The correction will appear in the online version of the paper on
the JMIR Publications website on February 13, 2025, together
with the publication of this correction notice. Because this was
made after submission to PubMed.
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