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Abstract

Background: There is a need for automated approaches to incorporate information on cancer recurrence events into
population-based cancer registries.

Objective: The aim of this study is to determine the accuracy of a novel data mining algorithm to extract information from
linked registry and medical claims data on the occurrence and timing of second breast cancer events (SBCE).

Methods: We used supervised data from 3092 stage | and |1 breast cancer cases (with 394 recurrences), diagnosed between
1993 and 2006 inclusive, of patientsat Kaiser Permanente Washington and casesin the Puget Sound Cancer Surveillance System.
Our goal was to classify each month after primary treatment as pre- versus post-SBCE. The prediction feature set for a given
month consisted of registry variables on disease and patient characteristics related to the primary breast cancer event, aswell as
features based on monthly counts of diagnosis and procedure codes for the current, prior, and future months. A month was
classified as post-SBCE if the predicted probability exceeded a probability threshold (PT); the predicted time of the SBCE was
taken to be the month of maximum increase in the predicted probability between adjacent months.

Results: The Kaplan-Meier net probability of SBCE was 0.25 at 14 years. The month-level receiver operating characteristic
curve on test data (20% of the data set) had an area under the curve of 0.986. The person-level predictions (at a monthly PT of
0.5) had a sensitivity of 0.89, a specificity of 0.98, a positive predictive value of 0.85, and a negative predictive value of 0.98.
The corresponding median difference between the observed and predicted months of recurrence was 0 and the mean difference
was 0.04 months.

Conclusions: Datamining of medical claims holds promise for the streamlining of cancer registry operationsto feasibly collect
information about second breast cancer events.

(JMIR Cancer 2020;6(2):€18143) doi: 10.2196/18143

KEYWORDS
cancer registries; medical claims; cancer recurrence event; statistical learning; breast cancer; medical informatics; data mining

http://cancer.jmir.org/2020/2/€18143/ JMIR Cancer 2020 | vol. 6 | iss. 2| €18143 | p. 1
(page number not for citation purposes)


mailto:retzioni@fredhutch.org
https://cancer.jmir.org/2020/2/e23821/
http://dx.doi.org/10.2196/18143
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR CANCER

Introduction

Population-based cancer registries areindispensablefor tracking
the evolving burden of cancer in the population. In the United
States, the Surveillance, Epidemiology, and End Results (SEER)
Program [1] of the National Cancer Institute (NCI) isanational
resource for population-based information on cancer incidence,
mortality, and survival. SEER provides curated,
quality-controlled information on demographics, disease
characteristics at diagnosis, and primary treatments for newly
diagnosed patientsin 18 geographically defined catchment areas
around the country.

While SEER is a primary source of information about the
population cancer burden, it currently focuses on primary
diagnoses of cancer and thefirst course of treatment. Mortality
information is added viaannual linkagesto vital status records
from the National Center for Health Statistics and State Health
departments. Beyond the date and cause of death, information
on postdiagnosis outcomes such as cancer recurrence or
progression is not collected, except for subsequent primary
tumors. A prospective system for recording recurrences in the
SEER registries would require expanded reporting by health
care facilities and providers and the requisite financial support
to extract and process the necessary information. The absence
of such aninfrastructure in SEER has driven efforts to harness
administrative claims data for recurrence identification.

Claims-based approaches use a patient’s pattern of medical
claims to identify the recurrence event at the individual level.
Initial claims-based breast cancer recurrence algorithms were
“clinically intuitive,” (ie, based on beliefs about what diagnosis
or procedure codes would be used at the time of a recurrence)
[2-5]. Recently, more automated statistical learning and data
mining approaches have been harnessed to predict recurrence
eventsfrom claimshistories. Chubak et al [6] used classification
and regression tree analysis to predict whether a patient had
experienced a breast cancer recurrence or second breast cancer
diagnosis. Ritzwoller et al [7] used a combination of logistic
regression and changepoint detection to identify the presence
and timing of recurrence events. Both of these contributions
focused on identifying outcomes for research studies; in this
study, we focus on a surveillance application, motivated by the
lack of recurrence information in cancer registries and the
conseguent absence of recurrencein registry-based assessments
of population disease burden.

In this article, we present a statistical learning agorithm to
predict second breast cancer event (SBCE) occurrence and
timing using a cancer information registry linked with medical
claims among women with localized breast cancer diagnosed
in the Puget Sound SEER cancer registry (Cancer Surveillance
System) and treated at Kaiser Permanente Washington (KPWA),
formerly Group Health. Our work differsfrom that of Ritzwoller
et al [7] and Chubak et a [6] in several ways. First, we use a
gradient boosting algorithm which generally providesimproved
performance over logistic regression or single trees as used in
these previous studies. Our definition of the learning problem
(as a month-based classification problem) and our use of
gradient boosting permitted the inclusion of alarge number of
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predictors, including some novel predictors that leveraged our
learning problem definition and improved performance over
the Chubak agorithm in this data set. Additionally, in contrast
to prior studies which focused on research applications, our
entire focus is on the augmentation of cancer registries; this
guides our evaluation of predictive performance and
recommendations for practical applications of our work.

Methods

Definitions and Overview

The standard definition of cancer recurrence is the return or
rediagnosis of disease after an apparently disease-free interval.
In contrast, cancer progression is any transition to a more
advanced disease state without a disease-free interval. In this
manuscript, we focus on SBCEs, which we define as a
resurfacing of the original breast cancer (ie, recurrence) or a
diagnosis of a new breast cancer. We focus on the first SBCE
after the primary breast cancer diagnosis. Our goal wasto use
the entire record of claimsfor a patient to predict whether (and
when) a recurrence has occurred, not to predict imminent or
future recurrence for real-time clinical care, which would only
be able to use claims up to the time of prediction.

Resolution of the defined prediction problem rests on the
following: (1) the availability of a large enough sample of
patientswith claims histories and gold standard SBCE data; (2)
claims histories that are adequately rich so that features
predictive of SBCE can be extracted; (3) aprediction algorithm
that outputs a prediction of both the presence of an SBCE within
an individual patient and the timing of the event; and (4) a set
of metrics for assessment of the performance of the prediction
algorithm. We discuss each of these below.

Study Population and Gold Standard

The study population was female KPWA patients aged 18 and
older with afirst primary, unilateral, stage I-11 breast cancer
between 1993 and 2006. We used Cancer Surveillance System,
the SEER registry for the Puget Sound area, to identify these
cases. Only patientswho remained enrolled at KPWA for 1 year
after their breast cancer diagnosis (unless they died) were
included. Additional eligibility criteria have been described
previously [6]; atotal of 3152 patients were eligible.

Through structured medical record abstraction of KPWA charts
(both paper and electronic), we confirmed eligibility and
collected gold standard data on breast cancer recurrence and
second primary breast cancers. Abstractors had access to the
full medical record, which included clinician progress notes,
imaging reports, surgical reports, and pathology reports. Based
on this information, a recurrence was defined as an invasive
tumor intheipsilateral breast or lymph nodes, or adistant tumor,
occurring at least 120 days after definitive surgery for theindex
breast cancer. A second breast primary was defined as a
contralateral breast tumor, occurring at least 120 days after
definitive surgery for the index breast cancer. Additionaly, a
second breast cancer in the ipsilateral breast after
breast-conserving surgery is considered a second primary in
SEER if it is confirmed by histological evaluation and tumor
markers to be distinct from the index primary; or occurs over
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5 years from the date of diagnosis of the index primary breast
cancer. Chart-abstracted datawere considered the gold standard
in algorithm development. The KPWA Human Subjects
Research Committee approved study activities.

Deidentified data only (with all dates stored as days since
diagnosis of the first primary) were available for the current
analysis. Patient-level data were augmented to include a
randomly generated month and day of diagnosis and fractional
year for age on the day of diagnosis. These changes allowed us
to include the time since diagnosis and age in real numbers as
month-level predictor variables, aswell assummarizethe claims
information by calendar month.

Predictor Variables

Candidate predictors for algorithm development included
registry variables summarizing demographic (eg, age) and
disease characteristics (eg, site, stage, grade, hormone receptor
status) at diagnosis and variables defined on the basis of the
health care utilization (henceforth called “ claims,” though most
codes resulted from health care within the KPWA system and
not from externa providers who submitted actual claims for
reimbursement). Procedures and diagnoseswereidentified using
standard coding systems (International Classification of
Diseases, Ninth Revision, Clinical Modification [ICD-9-CM],
Current Procedural Terminology [CPT], and Healthcare
Common Procedure Coding System [HCPCS]).

Valid claims were defined to be claims after the analysis start
date (6 months after the primary breast cancer diagnosis) until
the end of follow-up. For patients with a nonbreast second
primary cancer, the end of follow-up was set to 3 monthsbefore
the registry-based diagnosis date. For patients with more than
one SBCE, we included all claims before and after the event
but censored the data 1 month before thefirst subsequent breast
cancer event. For patients without an SBCE we included all
claims recorded until the end of follow-up.

For each individual, we consolidated claims by days since
primary breast cancer diagnosis so that any diagnosis or
procedure code occurred at most once per day. Additionally,
all diagnosiscodesincluded in the analyses had to occur at least
twice (ie, ontwo separate days) for at least oneindividual . Codes
were then summed by calendar month for each individual to
create amonthly count total for each code.

We grouped codes that were similar or that captured the same
clinical condition or medica procedure type using code
groupings specified in Chubak et a [6], which implemented
both coarser and finer grouping systems. The coarser groups
had 11 diagnostic code groups and 22 procedure groups, and
the finer scale groups had 77 diagnostic code groups and 156
procedure code groups. In our analysis, we used thesefiner level
groups (Multimedia Appendix 1).

Prediction Problem Definition and Feature
Engineering

We formulated our prediction objective as a classification
problem on a person-month level. The goal was to classify

months as either pre- or post-SBCE (including the month of
SBCE). In this way, we transformed the problem of predicting
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aperson-level timeto event into abinary classification problem
at the level of a person-month. Features used to predict the
SBCE statusfor each month included baselineregistry variables,
months since diagnosis, age of the patient in the month, and a
set of counts representing the number of occurrences of each
code group within the month. In addition, we counted the
number of months since the last occurrence of each code group
as well as the number of months until the next occurrence. A
default val ue of —1 was used when no instance of the code group
was observed before or after the current month. An additional
set of features consisted of the fraction of the prior months
containing at least one instance of each code group.

We adopted a gradient-boosting algorithm (function XGBoost
in R; R Foundation for Statistical Computing) [8] for the
predictive analysis. Gradient boosting is an iterative, ensemble
algorithm that incorporates multiple classification models;
XGBoost is an optimized, distributed gradient boosting library
designed by Chen et a [8]. The data for both the non-SBCE
and SBCE patients were each split 80:20 and combined into
training and test sets, respectively. The training set was split
into 5 groups for cross-validation in a stratified fashion, to
identify flexibility parameters that produced optimal
out-of -sample performance.

Performance Metrics

All performance metrics were calculated on the test data set.
We evaluated predictive performance at both a person-month
level and a person level. Person-month-evel accuracy was
captured viareceiver operating characteristic (ROC) curvesand
area under the curve (AUC) statistics.

For person-level predictions, we defined a grid of threshold
probabilities between 0.10 and 0.75, and defined a person as
having an SBCE if any of their month-level predictions exceeded
the threshold. The predicted time of an SBCE was set to be the
first month for which the month-level prediction exceeded the
threshold. The sensitivity and specificity of the person-level
predictions were assessed along with person-level positive and
negative predictive values.

We assessed the accuracy of the predicted time of SBCE by
calculating the mean and median difference between the
predicted and actual time of the event for persons correctly
predicted to have an SBCE. We also graphed a Kaplan-Meier
curve of the predicted timeto an SBCE and compared it against
the Kaplan-Meier curve of the observed time among all patients
with an SBCE. Thus, person-level accuracy of the SBCE
prediction and its timing were calculated for each threshold
probability.

Results

There were 3152 eligible patients. Baseline demographic and
clinical characteristics of these cases have been previously
summarized [6]. SBCE patients were more likely to have been
diagnosed in an earlier calendar year, to have regional rather
than localized disease, to have tumors that are not as
well-differentiated, and to have negative estrogen or
progesterone receptor status. The cumulative net
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(Kaplan-Meier—based) probability of an SBCE was 25% over
14 years follow-up.

Of the 3152 initialy eligible patients, 3102 had at least one
month of claims starting 6 months after the initial date of
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diagnosis up to a maximum of 159 months, 2698 without an
SBCE and 404 with an SBCE. Figure 1 shows an
individual-level profile of the number of claims per month for
ahypothetical SBCE case.

Figure 1. Sample plots for a hypothetical case showing atypical pattern of recorded claims each month before and after a second breast cancer event
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Of the 404 patients with an SBCE, 394 had at |east one month
of claims after the date of the second event. Predictive analyses
excluded the 10 recurrent cases with no claims after their SBCE
date, yielding a final sample size of 3092 patients. In the
monthly claims data for the 3092 patients included in the
analysis, there were 543 unique diagnostic codes and 992 unique
procedure codes.

Thetraining set included monthly claims datafor 2160 patients
without an SBCE and 315 with an SBCE. Thetest set included
monthly claims data for 538 patients without an SBCE and 79
with an SBCE.
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The number of months of available claims was slightly longer
in patientswith an SBCE (range 3-138, mean 44.7, median 39.5,
SD 26.2 months) compared to those without an SBCE (range
1-149, mean 31.5, median 28, SD 19.2 months). SBCE cases
had claims for a median of 21.9 months before and 19 months
after the SBCE.

Table 1 displays the 20 features with highest importance
identified by the gradient boosting algorithm. The featureswith
highest importance are those most commonly present in the
submodels that constitute the final algorithm. They primarily
include secondary malignancy, imaging tests, diagnostic tests,
and salvage treatments.
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Table 1. Top 20 features identified by the gradient boosting algorithm.

Order

Description
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20

Fraction of prior months with diagnosis code for secondary malignant neoplasm of other specified sites
Fraction of prior months with procedure codes for biopsy or excision of lymph nodes

Months since last procedure code for needle biopsy

Fraction of prior months with diagnosis codes for secondary malignant neoplasm of respiratory and digestive systems
Months since last procedure code for bone scan

Months since last procedure code for other tumor markers

Months since last diagnosis code for carcinomain situ of breast and genitourinary system

Fraction of prior months with diagnosis code for cancer of breast

Time until next diagnosis code for secondary malignant neoplasm of respiratory and digestive systems
Fraction of prior months with procedure code for fine needle aspirate

Number of instances of diagnosis code for cancer of breast in the current month

Months since procedure code for biopsy or excision of lymph nodes

Fraction of prior months with procedure code for chemotherapy

Months since diagnosis

Months since last procedure code for chest computed tomography

Fraction of prior months with procedure code for bone scan

Agein current month

Fraction of prior months with diagnosis code for benign mammary dysplasias

Time until next diagnosis code for secondary malignant neoplasm of other specified sites

Time until next diagnosis code for cancer of other and unspecified sites

The AUC for month-level ROC curve in the test data set was  in the test set; Multimedia Appendix 3 presents similar results
0.986 (Figure 2). Multimedia Appendix 2 shows the monthly  for 12 SBCE cases. The predicted probabilities generally tracked
SBCE status (0 for pre-SBCE; 1 for post-SBCE, including well with the observed outcomes, but performance in SBCE
month of SBCE), along with predicted probabilities of being cases degraded over time in some cases after the month of the
post-SBCE for arandomly selected set of 12 non-SBCE cases  event.

Figure2. Month-level receiver operating characteristic (ROC) curve based on the test data set corresponding to the prediction model derived using the
training data set. The area under the curve (AUC) is 0.986.
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Table 2 provides the person-level performance for various
thresholdsfor classifying an individual ashaving an SBCE. For
each threshold, an individual was classified as having an SBCE
if at least one of the monthly predicted probabilities (of being
post-SBCE) exceeds the threshold. Lower thresholds are
associated with greater sensitivity but lower specificity and

A'mar et d

positive predictive value (PPV). The sensitivity, specificity,
PPV, and negative predictive value (NPV) corresponding to a
threshold of 0.5 are 88.6%, 97.8%, 85.4%, and 98.3%
respectively. Asthethreshold increases, the PPV improves, and
as the threshold decreases, the NPV improves.

Table 2. Person-level performance (sensitivity, specificity, and positive and negative predictive values) corresponding to various probability thresholds

for classifying an individual as having a second breast cancer event?

Threshold Sengitivity Specificity Positive predictive value Negative predictive value
0.10 0.962 0.942 0.710 0.994
0.15 0.937 0.950 0.733 0.990
0.20 0.924 0.955 0.753 0.988
0.25 0.911 0.957 0.758 0.987
0.30 0.886 0.959 0.761 0.983
0.35 0.886 0.963 0.778 0.983
0.40 0.886 0.972 0.824 0.983
0.45 0.886 0.976 0.843 0.983
0.50 0.886 0.978 0.854 0.983
0.55 0.886 0.980 0.864 0.983
0.60 0.886 0.980 0.864 0.983
0.65 0.886 0.981 0.875 0.983
0.70 0.873 0.983 0.885 0.981
0.75 0.861 0.987 0.907 0.980

For each threshold, an individual is predicted to have a second breast cancer event if at least one of the monthly predicted probabilities exceeds the
threshold. There were 538 cases without and 79 cases with a second breast cancer event in the test set.

Table 3 summarizes the accuracy of the predicted timing of
SBCE at each threshold probability. For athreshold of 0.5, the
mean difference in months between the predicted and observed
month of recurrence for correctly classified recurrent cases is
0.04 months (SD 3.5 months) and the median differenceis zero.

Figure 3 plots a Kaplan-Meier curve of the observed time to
SBCE among SBCE cases in the test data set, overlaid with a
similar curve of the predicted timeto SBCE (defined asthefirst
month for which the predicted probability of being post-SBCE
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exceeds 0.5). In the predicted curve, cases for which no SBCE
is predicted are censored at their last follow-up time. The
observed and predicted curves confirm the favorable
performance of the prediction agorithm in terms of both
person-level diagnostic performance and timing. Note that these
results may vary sightly depending on the random number
seed/initialization used to split the datainto the training and test
sets and perform the cross-validation subselection used in the
XGBoost algorithm.
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Table 3. Accuracy of the predicted timing of a second breast cancer event at each of a set of threshold probabilities®.

Threshold Predicted number of sec- Mean differencein Median differencein Minimum differencein  Maximum differencein
ond breast cancer events months months months months

0.10 76 -15 0 -36 19
0.15 74 -0.8 0 27 19
0.20 73 -0.3 0 —24 19
0.25 72 -0.3 0 —24 19
0.30 70 -05 0 —24 5

0.35 70 05 0 —24 5

0.40 70 -0.3 0 —24 5

0.45 70 -0.2 0 —24 5

0.50 70 -0.04 0 —24 5

0.55 70 0.01 0 —24 5

0.60 70 0.1 0 —24 5

0.65 70 0.1 0 —24 5

0.70 69 0.3 0 —24 9

0.75 68 0.4 0 —24 9

#The table shows the mean, median, maximum, and minimum of the difference between the observed and predicted time of a second breast cancer event
given the threshold for each of the individuals correctly predicted to have a second breast cancer event. A negative value indicates that the predicted
time of a second breast cancer event precedes the observed time. For each threshold, an individual is determined to have had a second breast cancer
event if at least one of the monthly predicted probabilities exceeds the threshold. There are 79 individual s with a second breast cancer event in the test

data.

Figure 3. Accuracy of predicted timing of recurrence expressed via a comparison of Kaplan-Meier curves for observed (red) versus predicted (blue)
time to SBCE among test set cases with a SBCE, where the predicted time to SBCE is based on a threshold probability of 0.5. Casesfor whom no SBCE
is predicted (monthly predicted probabilities never exceed 0.5) are censored at their last follow-up time. SBCE: second breast cancer event.
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Discussion

This study tackles the overarching question of how best to
harness electronic health data to inform cancer registries about
disease recurrence events and to augment them to add this
information. The core of our contribution centers on datamining
of medical claims historiesusing arelatively established gradient
boosting algorithm. The algorithm and the accompanying
features expand on and complement published data mining
approaches that use claims histories to learn about the risk of
disease recurrence. Furthermore, our focus on surveillance,
which drives our learning problem definition, performance
evaluation, and recommendation, differs from existing work
that focuses on clinical prognostication.

Our approach yields a continuous prediction per each valid
claims month, to which a threshold can be applied to yield a
level of diagnostic performance that is most consistent with a
prespecified performance. A higher threshold raises sensitivity
and lowers specificity. A lower threshold hasthe opposite effect.
If achieving high NPV is the primary objective, then a lower
threshold might potentially be preferred. WithaNPV of 99.4%
at a changepoint threshold of 0.10, our algorithm could be
offered to registriesasatool for ruling out an SBCE [9]. Indeed,
in the test data set with sample size of 617, athreshold of 0.10
classified 510 individuals as not having an SBCE. Therefore,
if an NPV of 99.4% was deemed to be adequate, use of the
algorithm would mean that the registry could focus
recurrence-identification resources on 17% (107/617) of the
case population.

Our approach has onefeaturein common with that of Ritzwoller
et a [7], who predicted cancer recurrence based on medical
claims among cases with lung and colorectal cancer. Their
two-step procedure first predicted individual-level recurrence
status and then predicted itstiming by identifying the month of
greatest change in the count of each code grouping, and
reconciling the months so identified across the groupings. Our
procedure merges the prediction of the presence of recurrence
and the timing of recurrence, and applies asimilar changepoint
idea, but to the single series of monthly predicted probabilities
of being post recurrence. This avoids the need to reconcile
different predictions, and accommodates a large number of

Acknowledgments

A'mar et d

novel features that leverage the month-based definition of the
statistical learning problem.

Any method that uses medical claims to predict SBCE status
will ideally require continuous and complete claims histories
on all registry cases. In practice, there are likely to be gapsin
coverage and some claims histories may be partially missing.
Further, claims histories will not be available for uninsured
cases, limiting the representativeness of the population for which
recurrence information will be made available viaour approach.
In the KPWA data used here, most patients retained health
system coverage over time, reducing the extent of this problem
in the current analysis.

We foresee offering this algorithm as part of population-based
center cancer registries’ data capturing process. One critical
reason that recurrence data are not well captured is that
abstractors do not have enough time to look over al cancer
cases periodically to identify any recurrence. Utilizing our
algorithm, a subset of probable recurrences can be marked for
further abstraction to verify the occurrence and timing of a
recurrence. Thethreshold can be adjusted based on the resources
availablein the individual registry.

There are other limitations that arise from reliance on medical
claims data as an approach for augmenting cancer registries.
Diagnosis and procedure coding systems change over time and
so claims-based algorithms will need frequent review and
updating to remain current [10]. Even for those patients who
are insured, gaps in coverage will inevitably arise as patients
lose coverage or transition between insurance plans. Some
insurance plans may not agree to participate in a linkage with
the cancer registry. In any registry catchment area, there will
be multiple payers; agreements will have to be executed with
all of them for maximum coverage and linkages across plans
will have to be implemented. These logistical issues are
important but secondary to the critical first step showing that
the linkages are likely to provide valid, useful, and useable
information to inform health care professionals about disease
recurrence. Further work is ongoing to investigate how the
performance of our data-mining approach transfersto a setting
in which there are multiple payers and coverage gaps or
nonuniversal availability of claims linkages within a registry
catchment area.
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Multimedia Appendix 1

Diagnostic and procedure code groups and types.
[DOCX File, 23 KB-Multimedia Appendix 1]

Multimedia Appendix 2

Monthly SBCE status along with predicted probabilities of being post-SBCE for arandomly selected set of 12 non-SBCE cases
in the test set.
[DOCX File, 33 KB-Multimedia Appendix 2]

Multimedia Appendix 3

Monthly SBCE status along with predicted probabilities of being post-SBCE for a randomly selected set of 12 cases with an
SBCE in the test set.
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