JMIR Cancer

Impact Factor (2024): 3.3
Volume 11 (2025) ISSN 2369-1999 Editor in Chief: Naomi Cahill, PhD, RD

Contents

Reviews

Assisted Reproductive Technology and Risk of Childhood Cancer Among the Offspring of Parents With
Infertility: Systematic Review and Meta-Analysis (€65820)
Gao Song, Cai-giong Zhang, Zhong-ping Bai, Rong Li, Meng-qun CheNg. . . . . ..ottt e e e e e 8

Large Language Model Applications for Health Information Extraction in Oncology: Scoping Review (e65984)
David Chen, Saif Alnassar, Kate Avison, Ryan Huang, Srinivas RamMan. . . . .. .. ...ttt e e e 22

The Efficacy of Digital Interventions on Adherence to Oral Systemic Anticancer Therapy Among Patients
With Cancer: Systematic Review and Meta-Analysis (€64208)
Wan-Chuen Liao, Fiona Angus, Jane Conley, Li-Chia Chen. . .. .. ... e e e e e e 35

Application of Artificial Intelligence in Cardio-Oncology Imaging for Cancer Therapy—Related Cardiovascular
Toxicity: Systematic Review (€63964)

Hayat Mushcab, Mohammed Al Ramis, Abdulrahman AlRujaib, Rawan Eskandarani, Tamara Sunbul, Anwar AlOtaibi, Mohammed Obaidan,
Reman Al Harbi, Duaa AlJabri. . . .. .o e 50

Internet-Based Cognitive Behavioral Therapy Interventions for Caregivers of Patients With Cancer: Scoping
Review (e67131)
Chun Shen, Jian Shi, FENG LiU, Xia0 LU. . . . oottt et e e e e e e e e e e e e e e e e e 67

Family Experiences, Needs, and Perceptions in Home-Based Hospice Care for Patients With Terminal
Cancer: Meta-Synthesis and Systematic Review (e71596)
Xin Deng, Kanokwan Hounsri, Violeta Lopez, WIlSON Tam. . . . . . ..ottt e e e e e e e e e 84

Clinical Prediction Models Incorporating Blood Test Trend for Cancer Detection: Systematic Review,
Meta-Analysis, and Critical Appraisal (€70275)

Pradeep Virdee, Kiana Collins, Claire Smith, Xin Yang, Sufen Zhu, Nia Roberts, Jason Oke, Clare Bankhead, Rafael Perera, FD Hobbs, Brian
NGO SO, e 101

Benefits of Remote-Based Mindfulness on Physical Symptom Outcomes in Cancer Survivors: Systematic
Review and Meta-Analysis (e54154)
Maria Komariah, Sidik Maulana, Shakira Amirah, Hesti Platini, Laili Rahayuwati, Ah Yusuf, Mohd Firdaus. . .. ......... ... . i, 119

The Effect of Nutritional Mobile Apps on Populations With Cancer: Systematic Review (€50662)
Krystal Ng, Murallitharan Munisamy, Joanne Lim, Mustafa AlShagga. . . . . . ... ...ttt e 133

JMIR Cancer 2025 | vol. 11 | p.1

RenderX


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

Investigating the Complexity of Multidimensional Symptom Experiences in Patients With Cancer: Systematic
Review of the Network Analysis Approach (e66087)
Vincent Richard, Allison Gilbert, Emanuela Pizzolla, Giovanni Briganti. . . . . ... ...t e e e 152

Viewpoints

Chatbot for the Return of Positive Genetic Screening Results for Hereditary Cancer Syndromes: Prompt
Engineering Project (e65848)
Emma Coen, Guilherme Del Fiol, Kimberly Kaphingst, Emerson Borsato, Jackilen Shannon, Hadley Smith, Aaron Masino, Caitlin Allen. . .. ... ... 172

Leveraging Artificial Intelligence for Digital Symptom Management in Oncology: The Development of
CRCWeb (e68516)

Darren Liu, Yufen Lin, Runze Yan, Zhiyuan Wang, Delgersuren Bold, Xiao HU. . . . ... ... o s 185

Process Re-Engineering and Data Integration Using Fast Healthcare Interoperability Resources for the
Multidisciplinary Treatment of Lung Cancer (€53887)
Ching-Hsiung Lin, Bing-Yen Wang, Sheng-Hao Lin, Pei Shih, Chin-Jing Lee, Yung Huang, Shih Chen, Mei-LienPan. . ....................... 198

Adapting a Self-Guided eHealth Intervention Into a Tailored Therapist-Guided eHealth Intervention for
Survivors of Colorectal Cancer (€63486)
Johanne Lyhne, Allan Smith, Tina Carstensen, Lisa Beatty, Adeola Bamgboje-Ayodele, Britt Klein, Lars Jensen, Lisbeth Frostholm. ............ 211

Developing Effective Frameworks for Large Language Model-Based Medical Chatbots: Insights From
Radiotherapy Education With ChatGPT (e66633)
JameES ChOW, Kay Li. . .ot e e e e 225

Leveraging Patient-Reported Outcome Measures for Optimal Dose Selection in Early Phase Cancer Trials
(e64611)

Bill Byrom, Anthony Everhart, Paul Cordero, Chris Garratt, TIM MeYET. . . . . .. ot e e e e e e e 1075

Original Papers

Ethical Design of Data-Driven Decision Support Tools for Improving Cancer Care: Embedded Ethics Review
of the 4D PICTURE Project (e65566)

Marieke Bak, Laura Hartman, Charlotte Graafland, Ida Korfage, Alena Buyx, Maartje Schermer, 4D PICTURE Consortium. .. ................ 244

Usability, Acceptability, and Barriers to Implementation of a Collaborative Agenda-Setting Intervention
(CASI) to Promote Person-Centered Ovarian Cancer Care: Development Study (e66801)

Rachel Pozzar, James Tulsky, Donna Berry, Jeidy Batista, Paige Barwick, Charlotta Lindvall, Patricia Dykes, Michael Manni, Ursula Matulonis,
Nadine McCleary, Alexi WHght. . . .. 262

A Digital Home-Based Health Care Center for Remote Monitoring of Side Effects During Breast Cancer
Therapy: Prospective, Single-Arm, Monocentric Feasibility Study (e64083)

Hanna Huebner, Lena Wurmthaler, Chloé Goossens, Mathias Ernst, Alexander Mocker, Annika Kriickel, Maximilian Kallert, Jirgen Geck, Milena
Limpert, Katharina Seitz, Matthias Ruebner, Philipp Kreis, Felix Heindl, Manuel Horner, Bernhard Volz, Eduard Roth, Carolin Hack, Matthias
Beckmann, Sabrina Uhrig, Peter FasChing. . . . . .. ..o et 277

Co-Designing a User-Centered Digital Health Tool for Supportive Care Needs of Patients With Brain Tumors
and Their Caregivers: Interview Analysis (€53690)

Mahima Kalla, Ashleigh Bradford, Verena Schadewaldt, Kara Burns, Sarah Bray, Sarah Cain, Heidi McAlpine, Rana Dhillon, Wendy Chapman,
James Whittle, Katharine J Drummond, Meinir KriShnasamy. . . ... ...t e e e 296

JMIR Cancer 2025 | vol. 11 | p.2

RenderX


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

Development and Implementation of a Personal Virtual Assistant for Patient Engagement and Communication
in Postsurgical Cancer Care: Feasibility Cohort Study (e64145)

Miguel Bargas-Ochoa, Alejandro Zulbaran-Rojas, M Finco, Anthony Costales, Areli Flores-Camargo, Rasha Bara, Manuel Pacheco, Tina Phan,
Aleena Khichi, Bijan Najafi. . . .. ... 308

Evaluation of Large Language Models in Tailoring Educational Content for Cancer Survivors and Their
Caregivers: Quality Analysis (€67914)

Darren Liu, Xiao Hu, Canhua Xiao, Jinbing Bai, Zahra Barandouzi, Stephanie Lee, Caitlin Webster, La-Urshalar Brock, Lindsay Lee, Delgersuren
Bold, YUTEN LiN. . oo 323

Identifying Complex Scheduling Patterns Among Patients With Cancer With Transportation and Housing
Needs: Feasibility Pilot Study (e57715)

Allan Fong, Christian Boxley, Laura Schubel, Christopher Gallagher, Katarina AuBuchon, Hannah Arem. . .. ......... ... . i, 336

Patient Voices: Multimethod Study on the Feasibility of Implementing Electronic Patient-Reported Outcome
Measures in a Comprehensive Cancer Center (€56625)

Cinzia Brunelli, Sara Alfieri, Emanuela Zito, Marco Spelta, Laura Arba, Linda Lombi, Luana Caselli, Augusto Caraceni, Claudia Borreani, Anna
Roli, Rosalba Miceli, Gabriele Tine', Ernesto Zecca, Marco Platania, Giuseppe Procopio, Nicola Nicolai, Luigi Battaglia, Laura Lozza, Morena
Shkodra, Giacomo Massa, Daniele Loiacono, Giovanni APOIONE. . . . . ..ottt ittt e e e e e e e e 350

Barriers and Facilitators to the Preadoption of a Computer-Aided Diagnosis Tool for Cervical Cancer:
Qualitative Study on Health Care Providers’ Perspectives in Western Cameroon (€50124)

Magali Jonnalagedda-Cattin, Alida Moukam Datchoua, Virginie Yakam, Bruno Kenfack, Patrick Petignat, Jean-Philippe Thiran, Klaus Schénenberger,
NICOIE SCNMIAL. . . . oot e 366

Association Between Risk Factors and Major Cancers: Explainable Machine Learning Approach (€62833)
Xiayuan Huang, Shushun Ren, Xinyue Mao, Sirui Chen, Elle Chen, Yugi He, YUn Jiang. . . . .. ..ottt e e e 378

Al-Based Ildentification Method for Cervical Transformation Zone Within Digital Colposcopy: Development
and Multicenter Validation Study (e69672)

Tong Wu, Yuting Wang, Xiaoli Cui, Peng Xue, YOUlin QIa0. . . . . ...ttt e e e e e e 394

Using ChatGPT to Improve the Presentation of Plain Language Summaries of Cochrane Systematic
Reviews About Oncology Interventions: Cross-Sectional Study (e63347)
Jelena Suto Pavi i, Ana Marusi, Ivan BU AN, . o 409

Assessing the Quality and Reliability of ChatGPT’s Responses to Radiotherapy-Related Patient Queries:
Comparative Study With GPT-3.5 and GPT-4 (e63677)

Ana Grilo, Catarina Marques, Maria Corte-Real, Elisabete Carolino, Marco Caetano. . . .. ...ttt e 421

Developing and Assessing a Scalable Digital Health Tool for Pretest Genetic Education in Patients With
Early-Onset Colorectal Cancer: Mixed Methods Design (€59464)

Jessica Rivera Rivera, Moran Snir, Emilie Simmons, Tara Schmidlen, Misha Sholeh, Melinda Maconi, Carley Geiss, Hayden Fulton, Laura Barton,
Brian Gonzalez, Jennifer Permuth, Susan Vadaparampil. . . . ... ..ot e 440

Perception and Counseling for Cardiac Health in Breast Cancer Survivors Using the Health Belief Model:
Qualitative Analysis (e71062)

Sarah Marrison, Nicholas Shungu, Vanessa DIaz. . . . . .. .. v ot e e e e 459
Usability and Implementation Considerations of Fitbit and App Intervention for Diverse Cancer Survivors:
Mixed Methods Study (e60034)

Zakery Dabbagh, Reem Najjar, Ariana Kamberi, Ben Gerber, Aditi Singh, Apurv Soni, Sarah Cutrona, David McManus, Jamie Faro. . .......... 470

Exploring Older Adult Cancer Survivors’ Digital Information Needs: Qualitative Pilot Study (€59391)
Lorelei Newton, Helen Monkman, Claire FUIlBION. . . . . ... e e e e e e e e e e e e 483

JMIR Cancer 2025 | vol. 11 | p.3

RenderX


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

Analysis of the Relationship Between Rural-Urban Status and Use of Digital Health Technology Among
Older Cancer Survivors Based on the Health Information National Trends Survey: Cross-Sectional Analysis
(e66636)

Samantha Werts-Pelter, Zhao Chen, Jennifer Bea, Amanda Sokan, Cynthia Thomson. . .......... .. .. .. .. .. .. . . . i 489

Exploring the Impact of the Multimodal CAPABLE eHealth Intervention on Health-Related Quality of Life
in Patients With Melanoma Undergoing Immune-Checkpoint Inhibition: Prospective Pilot Study (€58938)

Itske Fraterman, Lucia Sacchi, Henk Mallo, Valentina Tibollo, Savannah Glaser, Stephanie Medlock, Ronald Cornet, Matteo Gabetta, Vitali Hisko,
Vadzim Khadakou, Ella Barkan, Laura Del Campo, David Glasspool, Alexandra Kogan, Giordano Lanzola, Roy Leizer, Manuel Ottaviano, Mor
Peleg, Konrad niatata, Aneta Lisowska, Szymon Wilk, Enea Parimbelli, Silvana Quaglini, Mimma Rizzo, Laura Locati, Annelies Boekhout, Lonneke
van de Poll-Franse, Sofie Wilgenhot. . . . . .. 502

A Machine Learning Approach Using Topic Modeling to Identify and Assess Experiences of Patients With
Colorectal Cancer: Explorative Study (€58834)

Kelly Voigt, Yingtao Sun, Ayush Patandin, Johanna Hendriks, Richard Goossens, Cornelis Verhoef, Olga Husson, Dirk Grunhagen, Jiwon
JUNG. o oottt e 518

Exploring Motives Behind Ideal Melanoma Survivorship Care Plans With Multiple Stakeholders: A Cocreation
Study (e55746)

Nadia Kamminga, Marjolein Lugtenberg, Julia Van den Broek, Tamar Nijsten, Marlies Wakkee, KasiaTabeau. . . ........... ... ... ... ... ... 530

Co-Designing Priority Components of an mHealth Intervention to Enhance Follow-Up Care in Young Adult
Survivors of Childhood Cancer and Health Care Providers: Qualitative Descriptive Study (e57834)

Sharon Hou, Brianna Henry, Rachelle Drummond, Caitlin Forbes, Kyle Mendonga, Holly Wright, Igra Rahamatullah, Perri Tutelman, Hailey Zwicker,
Mehak Stokoe, Jenny Duong, Emily Drake, Craig Erker, Michael Taccone, Liam Sutherland, Paul Nathan, Maria Spavor, Karen Goddard, Kathleen
Reynolds, FIona SCRURE. . . . .. .o e e e e 544

Predicting Overall Survival in Patients with Male Breast Cancer: Nomogram Development and External
Validation Study (e54625)
Wen-Zhen Tang, Shu-Tian Mo, Yuan-Xi Xie, Tian-Fu Wei, Guo-Lian Chen, Yan-Juan Teng, Kui Jia. . . . . ... .ottt 565

Challenges of Cross-Sectoral Video Consultation in Cancer Care on Patients’ Perceived Coordination:
Randomized Controlled Trial (€60158)

Fereshteh Baygi, Theis Bitz Trabjerg, Lars Jensen, Maria Munch Storsveen, Sonja Wehberg, Jeffrey Sisler, Jens Sgndergaard, Dorte Gilsa
HaN S BN, L 582

Assessing Health Information Seeking Behaviors Among Targeted Social Media Users Using an Infotainment
Video About a Cancer Clinical Trial: Population-Based Descriptive Study (e56098)
Jonathan Sommers, Don Dizon, Mark Lewis, Erik Stone, Richard Andreoli, Vida Henderson. . .. ... .. . e i e 595

Evaluation of Douyin Short Videos on Mammography in China: Quality and Reliability Analysis (€59483)

Hongwu Yang, Chuangying Zhu, Chunyan Zhou, Ruibin Huang, Lipeng Huang, Peifen Chen, Shanshan Zhu, Huanpeng Wang, Chunmin Zhu.
6 0 3

Comparison of Electronic Surveillance With Routine Monitoring for Patients With Lymphoma at High Risk
of Relapse: Prospective Randomized Controlled Phase 3 Trial (Sentinel Lymphoma) (e65960)

Katell Le D@, Adrien Chauchet, Sophie Sadot-Lebouvier, Olivier Fitoussi, Bijou Fontanet, Arnaud Saint-Lezer, Frédéric Maloisel, Cédric Rossi,
Sylvain Carras, Anne Parcelier, Magali Balavoine, Anne-Lise Septans. . . . .. ... ...ttt e 616

Preliminary Effectiveness of a Telehealth-Delivered Exercise Program in Older Adults Living With and
Beyond Cancer: Retrospective Study (e56718)

Emily Dunston, Sonal Oza, Yang Bai, Maria Newton, Leslie Podlog, Kish Larson, Darren Walker, Rebecca Zingg, Pamela Hansen, Adriana
(0] 1= 1 - PP 632

JMIR Cancer 2025 | vol. 11 | p.4

RenderX


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

A Novel Telehealth Exercise Program Designed for Rural Survivors of Cancer With Cancer-Related Fatigue:
Single-Arm Feasibility Trial (€59478)

Ryan Marker, Andrew Kittelson, Jared Scorsone, lan Moran, John Quindry, Heather Leach. . . ......... ... .. .. .. .. .. .. .. . . i, 644

Changes in Physical Activity Across Cancer Diagnosis and Treatment Based on Smartphone Step Count
Data Linked to a Japanese Claims Database: Retrospective Cohort Study (€58093)

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. . . .. ... e 660

An App-Based Intervention With Behavioral Support to Promote Brisk Walking in People Diagnosed With
Breast, Prostate, or Colorectal Cancer (APPROACH): Process Evaluation Study (e64747)

Fiona Kennedy, Susan Smith, Rebecca Beeken, Caroline Buck, Sarah Williams, Charlene Martin, Phillippa Lally, Abi Fisher. . ................. 668

Development of a Mobile App to Support Head and Neck Cancer Caregiving: Mixed Methods Study (e66471)

Katherine Sterba, Evan Graboyes, Jessica Burris, Megan Scallion, Hannah Kinder, Jama Olsen, Benjamin Toll, Kent Armeson, Terry Day,
Bhishamijit Chera, Kenneth RUGGIEIO. . . . . .. .ot e e e e e e e e e e e e 685

Supporting Medication Adherence in Pediatric Patients Undergoing Hematopoietic Stem Cell Transplant
Using the BMT4me mHealth App: Mixed Methods Usability Study (e66847)

Mariam Kochashvili, Parishma Guttoo, Emre Sezgin, Ahna Pai, Rajinder Bajwa, Wendy Landier, Cynthia Gerhardt, Micah Skeens. .. ........... 700

Digital Health Intervention to Reduce Malnutrition Among Individuals With Gastrointestinal Cancer Receiving
Cytoreductive Surgery Combined With Hyperthermic Intraperitoneal Chemotherapy: Feasibility, Acceptability,
and Usability Trial (e67108)

Yu Lin, Ryan Hagen, Benjamin Powers, Sean Dineen, Jeanine Milano, Emma Hume, Olivia Sprow, Sophia Diaz-Carraway, Jennifer Permuth,
Jeremiah Deneve, Amir Alishahi Tabriz, KEa TUINEL. . . . .. e e e e e e e e e e e 718

Mobile Electronic Patient-Reported Outcomes and Interactive Support During Breast and Prostate Cancer
Treatment: Health Economic Evaluation From Two Randomized Controlled Trials (€53539)
Marie-Therése Crafoord, Joakim Ekstrand, Kay Sundberg, Marie Nilsson, Maria Fjell, Ann Langius-EKI6f. . . . ......... ... ... ... ... .. .. 732

Analyzing Geospatial and Socioeconomic Disparities in Breast Cancer Screening Among Populations in
the United States: Machine Learning Approach (€59882)
Soheil Hashtarkhani, Yiwang Zhou, Fekede Kumsa, Shelley White-Means, David Schwartz, Arash Shaban-Nejad. ... ....................... 753

Exploring the Social Media Discussion of Breast Cancer Treatment Choices: Quantitative Natural Language
Processing Study (€52886)

Daphna Spiegel, Isabel Friesner, William Zhang, Travis Zack, Gianna Yan, Julia Willcox, Nicolas Prionas, Lisa Singer, Catherine Park, Julian
HOONG. . oo 765

Breast Cancer Screening Participation and Internet Search Activity in a Japanese Population: Decade-Long
Time-Series Study (e64020)

Noriaki Takahashi, Mutsuhiro Nakao, Tomio Nakayama, TSUtOMU YamazakKi. . . . . ..o vt vttt e e e e e e e e et e e et e 775

Assessing the Data Quality Dimensions of Partial and Complete Mastectomy Cohorts in the All of Us
Research Program: Cross-Sectional Study (€59298)
Matthew Spotnitz, John Giannini, Yechiam Ostchega, Stephanie Goff, Lakshmi Anandan, Emily Clark, Tamara Litwin, Lew Berman. . ........... 787

Examining Demographic, Geographic, and Temporal Patterns of Melanoma Incidence in Texas From 2000
to 2018: Retrospective Study (e67902)

Kehe Zhang, Madison Taylor, Jocelyn Hunyadi, Hung Doan, Adewole Adamson, Paige Miller, Kelly Nelson, Cici Bauer. . ..................... 806

Assessing Public Interest in Mammography, Computed Tomography Lung Cancer Screening, and Computed
Tomography Colonography Screening Examinations Using Internet Search Data: Cross-Sectional Study
(e53328)

Zachary Zippi, Isabel Cortopassi, Rolf Grage, Elizabeth Johnson, Matthew McCann, Patricia Mergo, Sushil Sonavane, Justin Stowell, Brent
€ 816

JMIR Cancer 2025 | vol. 11 | p.5

RenderX


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

Spatiotemporal Correlation Analysis for the Incidence of Esophageal and Gastric Cancer From 2010 to
2019: Ecological Study (e66655)

Zixuan Cui, Chen Suo, Yidan Zhao, Shuo Wang, Ming Zhao, Ruilin Chen, Linyao Lu, Tiejun Zhang, Xingdong Chen. .. ...................... 826

Analyzing Online Search Trends for Kidney, Prostate, and Bladder Cancers in China: Infodemiology Study
Using Baidu Search Data (2011-2023) (e57414)

Shuangquan Lin, Lingxing Duan, Xiangda Xu, Haichao Cao, Xiongbing Lu, Xi Wen, Shanzun Wei. . .. ... e 837

Identifying Adverse Events in Outpatients With Prostate Cancer Using Pharmaceutical Care Records in
Community Pharmacies: Application of Named Entity Recognition (€69663)

Yuki Yanagisawa, Satoshi Watabe, Sakura Yokoyama, Kyoko Sayama, Hayato Kizaki, Masami Tsuchiya, Shungo Imai, Mitsuhiro Someya, Ryoo
Taniguchi, Shuntaro Yada, Eiji Aramaki, SAtOKO HOT. . . . . . ... e e 857

Implementation of a Quality Improvement and Clinical Decision Support Tool for Cancer Diagnosis in
Primary Care: Process Evaluation (e65461)

Sophie Chima, Barbara Hunter, Javiera Martinez-Gutierrez, Natalie Lumsden, Craig Nelson, Dougie Boyle, Kaleswari Somasundaram, Jo-Anne
Manski-NanKerVvis, JON EMEIY. . . ..ottt et ettt et e e e e e e e 868

The Role of Online Support, Caregiving, and Gender in Preventative Cancer Genetic Testing Participation:
Cross-Sectional Study From a National Study (e67650)

Lavlin Agrawal, Richelle DaSouza, Pavankumar Mulgund, Pankaj Chaudhary. . . . ... e 881

User and Developer Views on Using Al Technologies to Facilitate the Early Detection of Skin Cancers in
Primary Care Settings: Qualitative Semistructured Interview Study (e60653)
Owain Jones, Natalia Calanzani, Suzanne Scott, Rubeta Matin, Jon Emery, FionaWalter. . . . ... .. . e 897

Social Media as a Platform for Cancer Care Decision-Making Among Women: Internet Survey-Based Study
on Trust, Engagement, and Preferences (e64724)
Anna Johnson, Grace Longfellow, Clara Lee, Benjamin Ormseth, Gary Skolnick, Mary Politi, Yonaira Rivera, Terence Myckatyn. . .............. 916

Examining How Technology Supports Shared Decision-Making in Oncology Consultations: Qualitative
Thematic Analysis (e70827)

Alan Yung, Tim Shaw, Judy Kay, ANNA JANSSEN. . . . . .t ottt ettt e e e e e e e e e e e e e 936

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 (€65118)

Phyu 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 McKeage. . . .................. 951

Predicting Early-Onset Colorectal Cancer in Individuals Below Screening Age Using Machine Learning
and Real-World Data: Case Control Study (e64506)

Chengkun Sun, Erin Mobley, Michael Quillen, Max Parker, Meghan Daly, Rui Wang, Isabela Visintin, Ziad Awad, Jennifer Fishe, Alexander Parker,
Thomas George, Jiang Bian, JiE XU. . . ..ottt ettt e e e e e 969

Large Language Model Approach for Zero-Shot Information Extraction and Clustering of Japanese Radiology
Reports: Algorithm Development and Validation (e57275)
Yosuke Yamagishi, Yuta Nakamura, Shouhei Hanaoka, OSamu ADE. . . . . ... .ot e e e 984

Leveraging Digital Twins for Stratification of Patients with Breast Cancer and Treatment Optimization in

Geriatric Oncology: Multivariate Clustering Analysis (e64000)
Pierre Heudel, Mashal Ahmed, Felix Renard, Arnaud AttYe. . . . . ...t e e e e e e 995

JMIR Cancer 2025 | vol. 11 | p.6

RenderX


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

A Deep Learning—Enabled Workflow to Estimate Real-World Progression-Free Survival in Patients With
Metastatic Breast Cancer: Study Using Deidentified Electronic Health Records (e64697)

Gowtham Varma, Rohit Yenukoti, Praveen Kumar M, Bandlamudi Ashrit, K Purushotham, C Subash, Sunil Ravi, Verghese Kurien, Avinash Aman,
Mithun Manoharan, Shashank Jaiswal, Akash Anand, Rakesh Barve, Viswanathan Thiagarajan, Patrick Lenehan, Scott Soefje, Venky
SOUNGANAIAJAN. . . . . ot ottt ettt e e e e e e e e e e e e e 1010

Interpretable Machine Learning to Predict the Malignancy Risk of Follicular Thyroid Neoplasms in Extremely
Unbalanced Data: Retrospective Cohort Study and Literature Review (€66269)

Rui Shan, Xin Li, Jing Chen, Zheng Chen, Yuan-Jia Cheng, Bo Han, Run-Ze Hu, Jiu-Ping Huang, Gui-Lan Kong, Hui Liu, Fang Mei, Shi-Bing
Song, Bang-Kai Sun, Hui Tian, Yang Wang, Wu-Cai Xiao, Xiang-Yun Yao, Jing-Ming Ye, Bo Yu, Chun-Hui Yuan, Fan Zhang, Zheng Liu. . . ...
1 0 2 7

Next-Generation Sequencing—Based Testing Among Patients With Advanced or Metastatic Nonsquamous
Non—Small Cell Lung Cancer in the United States: Predictive Modeling Using Machine Learning Methods
(e64399)

Alan Brnabic, llya Lipkovich, Zbigniew Kadziola, Dan He, Peter Krein, Lisa HESS. . . . ... .ot e 1044
Evaluating an Al Chatbot “Prostate Cancer Info” for Providing Quality Prostate Cancer Screening Information:

Cross-Sectional Study (e72522)
Otis Owens, MIChael LEONAIM. . . . . ..o e e e e e e e e 1094

Research Letter

Design and Use of Patient-Facing Electronic Patient-Reported Outcomes and Sensor Data Visualizations
During Outpatient Chemotherapy (€62711)
Christianna Bartel, Leeann Chen, Weiyu Huang, Qichang Li, Qingyang Li, Jennifer Fedor, Krina Durica, CarissaLow. . ... .................. 1083

Short Paper

Monthly Variations in Colorectal Cancer Screening Tests Among Federally Qualified Health Center Patients
in Missouri: Quality Improvement Project (€64809)
Jane McElroy, Jamie Smith, KeVin EVErett. . . .. . ..o e e 1087

Corrigenda and Addenda

Correction: Benefits of Remote-Based Mindfulness on Physical Symptom Outcomes in Cancer Survivors:
Systematic Review and Meta-Analysis (€71958)
Maria Komariah, Sidik Maulana, Shakira Amirah, Hesti Platini, Laili Rahayuwati, Ah Yusuf, Mohd Firdaus. .. .. ........ ... ... .. .. .. .. .... 1106

JMIR Cancer 2025 | vol. 11 | p.7

RenderX


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

JMIR CANCER Song et a

Assisted Reproductive Technology and Risk of Childhood Cancer
Among the Offspring of Parents With Infertility: Systematic Review
and Meta-Analysis

Gao Song™, MM; Cai-giong Zhang™, MM; Zhong-ping Bai*’, MM; Rong Li*', MM; Meng-qun Cheng®’, MM

1Department of Pharmacy, Puer People's Hospital, Puer, China
2Department of Reproductive Medicine, Puer People's Hospital, 44 Zhenxing Avenue, Puer, Yunnan, China
“all authors contributed equally

Corresponding Author:
Meng-gqun Cheng, MM
Department of Reproductive Medicine, Puer People's Hospital, 44 Zhenxing Avenue, Puer, Yunnan, China

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 criteriawere based on the PICOS (Popul ation, | ntervention, 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% Cls
were cal culated 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% Cl 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% ClI
0.49 - 1.15) showed similar findings. No significant differences were found for specific childhood cancers, including leukemia
(RR0.99, 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% Cl 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: Inconclusion, thisstudy found no significant differencein therisk 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. Whileinfertility 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

(IMIR Cancer 2025;11:e65820) doi:10.2196/65820
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assisted reproductive technology; childhood cancer; infertility; subfertile; risks; systematic review
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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 viaART each year. ASART 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 essentid to differentiate the effects of parental
infertility from those of ART treatment, particularly given the
challenge of small sample sizesin 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 parentswith
infertility with controls, and follow-up periods have extended
beyond 10 years [15-22]. Given these advances, we conducted
asystematic review and meta-analysisto assesstherel ative 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 Itemsfor 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 wasinitially 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
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previously published meta-analyses on relevant topicsto ensure
the comprehensiveness of our approach. The validated search
strategy wasimplemented 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 sperminjection (ICSl), 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
(QI) or intrauterine insemination (1UI).

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

«  Study design: randomized controlled trialsand observational
studies (eg, cohort or case-control studies).

Studies lacking sufficient data to calculate RR estimates and
their 95% Clswere 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 theminto
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 datafor accuracy. Theinformation 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 aP<.05
indicating significant bias. Sensitivity analyseswere conducted
for the primary outcomes.

Data Analysisand Synthesis

The RR and 95% Cls 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 12 statistic. A high degree
of heterogeneity was indicated if the I value was greater than
50%. Subgroup analyseswere conducted based on the following
four criteriaz (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
analyseswere performed by excluding each study individually.
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Quiality 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. Datathat did not involve subfertile offspring
were excluded. A total of 18 studies [15-22,27-36] were thus
included in thisreview. The NOS quality of theincluded studies
was either moderate or high (Table S1in Multimedia A ppendix
2) [15-22,27-36]. The PRISMA flowchart depicts the article
screening process (Figure 1).

JMIR Cancer 2025 | vol. 11 | e65820 | p.10
(page number not for citation purposes)


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

JMIR CANCER

Figure 1. Flowchart illustrating the article selection process.
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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 studiesreported overall cancer occurrencerisk, 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
countriesand 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
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Records removed before screening:

Duplicate records removed (n=302)

Records marked as ineligible by automation tools (n=0)
Records removed for other reasons (n=0)

Records excluded based on title and abstract
(n=2167)

Reports excluded (n=18):

Data duplication (n=2)

Failure to meet the selection criteria (n=14)
Compliance with exclusion criteria (n=2)

2024[16]. Most cohort studies had follow-up durationsranging
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 versusfresh-ET were cohort studies
involving 176,800 FET patientsand 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 overal cancer in ART-conceived offspring
compared with non-ART conception (RR 0.95, 95% CI
0.71 - 1.27; 1?=82%) (Figure 2). A high degree of heterogeneity
was observed. We performed subgroup analyses based on

Song et a

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 Ol or fertility drugs),
the RR for childhood overall cancer inthe 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% Cl 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.
ART Non—-ART RR Weight
Study Yes No Yes No with 95% Cl (%)
Hargreave(2019) 84 36,137 251 137,474 i — 1.27[ 099, 1.63] 18.74
Luke(2022) 215 143114 19 12432 a1 0981 062, 1571 13.99
Rios(2024) 222 199908 70 60,036 E 095[ 073, 1.25] 1830
Spaan(2023) 157 51,260 201 37,631 H i 0.57[ 047, 0.711 19.47
Wainstock(2017) 29 2,574 19 1,702 i - 1.01[ 057, 1.79] 11.88
Weng(2022) 47 47,105 416 465,893 : H 1.12[ 0.83, 1.51] 1761
Overall -l¢- 095[ 071, 1.27]
Heterogeneity:t =0.11,1° = 82.00%, H * = 5.56 l
Test of 6, = 6;: Q(5) = 27.78, p = 0.00 i
Testof 6=0:z=-0.35,p=0.72 :
12 1 2
Random—effects DerSimonian-Laird model Favors[non-ART]  Favors|ART]
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Table. Comparison of childhood overall cancer risk by ART? conception and non-ART conception by subgroup analysis.

Studies, n ART, n Non-ART,n  RpRP (95% CI) 12 (%) P Heterogeneity P Between
groups
Overal 6 480,852 716,144 0.95(0.71 - 82 <.001 _¢c
1.27)
Continents .73
Asian 2 49,755 468,030 1.09 (0.84 - 0 .76 —
1.43)
Europe 3 287,768 235,663 0.88(0.54 - 91.83 <.001 —
1.43)
North Ameri- 1 143,114 12,451 098(062- — — —
ca 1.57)
Duration of follow-up (years) .69
<10 3 390,611 538,866 1.02(0.84 - 0 73 —
1.22)
>10 3 90,241 177,278 0.89(0.49 - 91.61 <.001 —
1.62)
Reported cancers type .84
Neoplasm 1 2603 1721 1.01(057- — — —
1.79)
Overdl cancer 5 478,249 714,423 0.94 (0.68 - 85.5 <.001 —
1.31)
Operational versus nonoperationald 10
Non-ART 2 38,711 139,176 1.23(0.98 - 0 A7 —
(nonopera- 1.54)
tional)
Non-ART (op- 4 441,387 575,992 0.87 (0.61 - 82.08 <.001 —
erational) 1.22)

8ART: assisted reproductive technology.
bRR: relative risk.
®Not 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 RRswerefor IVF (RR 0.86, 95% CI 0.59 - 1.25;

12=70.18%), ICSI (RR 0.76, 95% CI 0.26 - 2.2; 12=94.61%),
FET (RR 0.98, 95% Cl 0.54 - 1.76; 1°=83.18%), and fresh-ET
(RR 0.75, 95% CI 0.49 - 1.15; 1°=81.85%) (Figures S1-$4 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
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offspring (Table S4 in  Multimedia Appendix 2)
[16,17,20-22,27-32]. Theresults showed no significant increase
in the risk of childhood overall cancer for FET-conceived
offspring compared to fresh-ET (RR 0.99, 95% Cl 0.86 - 1.14;
Figure 3). The interstudy heterogeneity was low (12=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 S3in
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.

FET fresh-ET RR Weight
Study Yes No  Yes No with 95% C| (%)
Bruinsma(2000) 1 1,193 3 3,115 . 0.87[ 0.09, 8.36] 0.39
Hagbi Bal(2020) 2 304 15 1,260 056[ 0.13, 242] 0.91
Hargreave(2019) 14 3342 70 32,795 8 1.96[ 1.10, 3.47] 535
Pinborg(2010) 1 956 5 10,324 . 2.16[ 0.25, 18.46] 043
Rios(2024) 57 66,108 165 133,800 -3 0.70[ 052, 0.95] 14.60
Sargisian(2022) 48 22,582 227 115,247 1.08[ 0.79, 147] 1398
Spaan(2023) 11 4,357 146 46,903 8 081[ 044, 1.50] 4.76
Spector(2019) 60 55362 256 217,706 092[ 070, 122] 1596
Sundh(2014) 19 8,004 142 64,526 1.08[ 0.67, 1.74] 7.28
Williams(2013) 15 12,539 93 93,596 B 120[ 070, 2.08] 583
Terho(2022) 278 1,547 447 2,486 1.00[ 087, 1.15] 3051
Overall 099 0.86, 1.14]
Heterogeneity: = 0.01,1” = 24.45%,H * = 1.32
Testof 0;=0,:Q(10) =13.24, p=0.21
Testof 0=0:z=-0.21,p=0.84

/8 12 1 2 8

Random—effects DerSimonian-Laird model

Favors|fresh-ET] Favors[FET]

Table. Comparison of childhood overall cancer risk by FET? conception and fresh-ET? conception by subgroup analysis.

Studies, n RRC (95% CI) 12 (%) P Heterogeneity P Between groups
Overdl 11 0.99(0.86 - 1.14) 2445 21 _d
Continents 21
Asian 1 056 (0.13-2.42) — — —
Europe 8 1.02(0.84 - 1.23) 4358 .09 —
North America 1 0.92 (0.7 - 1.22) — — —
Oceania 1 0.87(0.09-836) — — —
Duration of follow-up (years) .37
<10 8 092(0.79-1.08 O 47 —
>10 3 1.13(0.75- 1.72)  64.27 .06 —
Reported cancers type .94
Neoplasm 2 0.99(0.87-114) O 44 —
Overall cancer 9 1(0.82-1.23) 36.27 A3 —

3FET: frozen embryo transfer.
Bfresh-ET: fresh embryo transfer.
°RR: relativerisk.

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].
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The main studies included 6 cohort studies and 4 case-control
studies. The results showed that none of the ART-conceived
offspring had asignificantly 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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12=12.79%), lymphoma (RR 1.22, 95% Cl 0.64 - 2.34;
12=54.76%), brain cancer (RR 1.22, 95% Cl 0.73 - 2.05;
12=45.79%), embryonal tumors (RR 1, 95% Cl 0.63 - 1.58;
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12=0%), retinoblastoma (RR 1.3, 95% CI 0.73 - 2.31; 1°=0%),

and neuroblastoma (RR 1.02, 95% Cl 0.48 - 2.16; 1°=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.
RR
Study with 95% Cl
Brain cancer
Heterogeneity:? = 0.17, 12 = 45.79%, H * = 1.84 $ 1221 073, 205]
Testof 6,=6,: Q(5) =9.22, p=0.10
Embryonal tumors
Heterogeneity:t = 0.00, | * = 0.00%, H > = 1.00 ‘ 1.00[ 0.63, 1.58]
Testof 6,=06:Q(1)=0.12,p=0.73
Leukemias
Heterogeneity:¥ =0.01,1°=12.79%,H*=1.15 ’ 099[ 0.79, 1.24]
Test of 6,=6,: Q(7) =8.03, p=0.33
Lymphomas
Heterogeneity:? = 0.28, 1% = 54.76%, H * = 2.21 ’ 122[ 0.64, 2.34]
Test of 6, = 6: Q(4) = 8.84, p = 0.07
Neuroblastoma
Heterogeneity:t = 0.00, | * = 0.00%, H > = 1.00 ‘ 1.02[ 048, 2.16]
Testof 6,=6;:Q(1) =0.22, p=0.64
Retinoblastoma
l-let'r:!ruglenelt)f:T2 =0.00,1” =0.00%, H’ = 1.00 ? 1.30[ 0.73, 2.31]
Testof 6,=06;:Q(3) = 1.50, p=0.68 | ‘ ; | ,
1/64 1/4 1 4 64
Random—effects DerSimonian-Laird model Favors[non-ART] Favors[ART]

Sensitivity Analysis

To explore the stability of the meta-analysis results, sensitivity
analyseswere 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
a [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, isthefirst systematic review and
meta-analysis to use infertile or subfertile populations as the
reference group. We found no significant increase in childhood
overal 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,
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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 senditivity 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 a [12], Chiavarini et a [14], and
Hargreave et a [10] found a significant correlation between
ART and childhood cancer risk, while those by Raimondi et al
[9], Gilboaet a [11], and Zhang et al [13] did not support such
an association. Recent large-scale cohort studies have yet to
reach aconsensus on thisissue. Some studiesreport asignificant
association between ART conception and increased childhood
cancer risk [19,21,30,37,38]. For instance, alarge Nordic study
by Sargisian et a [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]. Theinconsistenciesin these findings may be dueto
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 rolein causing infertility, rather than being simply aresult
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 artificia insemination) and nonoperational (Ol or fertility
drugs) groups. When the non-ART control group was defined
as nonoperational, the RR for childhood overall cancer in the
ART groupincreased 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 1Ul, could also serve as suitable controls. Dueto
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 cyclesusing conventional
IVF and two-thirds using ICSl [43,44]. Despite the invasive
nature of ICSl and ongoing concerns about the health of children
born through this method, our meta-analysis, which included 2
eligible studies, showed that therisk of childhood overall cancer
in 1CSI-conceived offspring was not significantly higher
compared to non-ART offspring (RR 0.76, 95% CI 0.26 - 2.2;

12=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 accountsfor 32.6% of all ART treatment cyclesin Europe,
showing aclear 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 naturaly conceived
offspring suggest an increased cancer risk in FET-conceived
children [20,21].
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In our meta-analysis, which included 4 large cohort studieswith
infertile populations as the comparison group, we found no
significant increase in childhood overal cancer risk in
FET-conceived offspring compared to non-ART offspring (RR

0.98, 95% Cl 054 - 1.76; 1°=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 individual s, found no significant difference
in cancer risk between the 2 groups (RR 0.99, 95% CI

0.86 - 1.14), with low heterogeneity (1°=24.45%). No significant
bias was found, and sensitivity analyses confirmed the stability
of theresults.

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-analysisby 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 a [14] found that ART significantly increased the
risk of hematological neoplasms (odds ratio [OR] 1.3, 95% ClI
1.08 - 1.58) and neurological cancers (OR 1.21, 95% ClI
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). Leukemiais 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
severa 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 analysisincluded 8 studies on leukemia, 3 of which
had follow-up durations of more than 10 years, and 2 were
case-control studies. Theresults showed no significant increase
in leukemia risk in ART offspring compared to non-ART

offspring (RR 0.99, 95% Cl 0.79 - 1.24; 1?=12.79%). When
cohort studies were analyzed separately, the results remained

unchanged (RR 1.1, 95% CI 0.87 - 1.4; 1°=4.05%). Additionally,
no significant differences were found in further analyses of
other specific childhood cancers, including lymphoma (RR 1.22,
95% Cl 0.64 - 2.34), brain cancer (RR 1.22, 95% CI
0.73 - 2.05), embryona 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 opportunitiesto observe rare
cancer exposures, thus enhancing the credibility of thefindings.

Limitations

First, the sample size of infertile or subfertile populations was
small. Despite a comprehensive search, the limited number of
studies, especialy 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 Ul may introduce confounding, affecting
the cancer risk basaline. Future studies should differentiate these
groups to better assess ART’simpact on childhood cancer risk.
Third, while some studies reported male infertility,
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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, theincluded 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,
especialy 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 dataextraction 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 manua 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 advancesin 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 LLMsinto real-world clinical environments.

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

KEYWORDS

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

work reviewing EHRs instead of practising patient-facing

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 moretime on administrative

https://cancer.jmir.org/2025/1/e65984

medicine [1]. To address this task of extracting key attributes
from unstructured clinical text, natural language processing
(NLP) methods have classicaly applied rule-based and
machine-learning methods to identify important entitiesin text
and categorize them based on categories of interest [2]. For
instance, the extraction of cancer staging information from
clinical text requires an NL P algorithm to recognize references
to cancer staging in clinical textsand 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 datato automatically learn patterns and
generalize these learned competencies in data extraction to
unlabel ed 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 performancein
guestion answering, sentence completion, and sentence
classification tasks compared to other deep learning models[4].
Deep learning—based transformer modelsmay requirelesstime
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 LLMswith custom datasets and prompt engineering
for conversational LLMs has yielded promising performance
improvements for specialized NL P 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 devel opment 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 LLMsencouragesthe 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 articlesthat evaluated an LLM
tool applied to data extraction from unstructured clinical text
into structured data.

https://cancer.jmir.org/2025/1/e65984
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Methods

We queried OVID Medline on June 2, 2024, using oncology
(“neoplasms,” “cancer,” “onco,” “tumor”) and generative LLM
(“natural language processing,” “artificial intelligence,
“generative,” “largelanguage model”) keywordsin 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 articlesin 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 NL P-based
algorithm that did not assessan 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 athird 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 LLMswere coded as baselineif they
were applied “out of the box” without additional fine-tuning.
LLMswere coded as (1) fine-tuned LLMs: the study described
training the baseline LLM on acustom dataset intended toyield
improved data extraction performance compared to the baseline
LLM adaone (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 datainvolved 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 codein 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
consensusdiscussion with athird reviewer (DC). Cohen k score
was used to assessinter-rater concordance. Thisscoping 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

Chenet a

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 biasin any domain. ROBINS-|
risk of bias assessment exhibited moderate inter-rater
concordance based on an k 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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Duplicate records removed
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Figure 2. Risk of bias assessment using the ROBINS| 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].
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Characteristics of the studiesincluded in the study and published  aswell as ChatGPT. Additional details related to methodol ogy
between 2019 - 2024 are shown in Table 1. The most common  are reported in Multimedia Appendix 2.
LLMsreported in these studiesincluded BERT and itsvariants,
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Table. Characteristics of studiesincluded in the review.
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Study ID

Clinical domain

Baseline model

Basdline or fine-tuned  Zero-shot or prompt -

LLMm®

engineered LLM

LLM main outcomes

Solarte-Pabon
2023[10]

Choi 2023 [11]
Zhou 2022 [3]

Zhang 2019 [1]

Seong 2023 [5]

Laios 2023[12]

Liu 2021 [13]

Fink 2023[14]

Chen 2023 [15]

Lyu 2023[16]

Yu2021[7]

Breast

Breast
Breast

Breast

Colorectal

Gynecology

Liver

Lung

Lung

Lung

Lung

BERT; RoBERTa

ChatGPT-3.5
BERT

BERT

Bi-LSTM with a CRF
layer; BIOBERT

RoBERTa

BERT

ChatGPT-3.5; ChatG-
PT-4.0

BERT

ChatGPT-4.0

BERT; RoBERTa

Fine-tuned

Basdline
Fine-tuned

Fine-tuned

Fine-tuned

Baseline

Fine-tuned

Basdline

Fine-tuned

Basdline

Fine-tuned

Zero-shot

Prompt-engineered

Zero-shot

Zero-shot

Zero-shot

Zero-shot

Zero-shot

Prompt-engineered

Zero-shot

Zero-shot

Zero-shot

F-scores: BETA:
0.9371; Multilingual
BERT: 0.9463;
RoBERTaBiomedical:
0.9501; RoBERTa
BNE: 0.9454

Accuracy: 87.7%

F1-score: 0.866 and
0.904 for exact and
permissive matchesre-
spectively

NER:” 93.53%; Rela-
tion extraction: 96.73%
(best model, BERT+
Bi-LSTM-CRF)

Bi-L STM-CRF:€ Preci-
sion; 0.9844; F1-
score:0.9848; Pre
trained word embed-
ding performed better
than the one hot encod-
ing pre-processing

AUROC:90.86;

AUPRC:®0.87; F1:
0.77; Accuracy: 0.81

APHE": 98.40%;
PDPHY: 90.67%

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

Metastatic D 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-35: 3.9
accuracy: GPT-4: 4.4;
GPT-35: 3.3

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

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

tions based on findings
in 37% of al cases

BERT Lenient: 0.8999
BERT Strict: 0.8791
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Study ID Clinical domain

Baseline model

Basdline or fine-tuned
LLMm?

Zero-shot or prompt -
engineered LLM

LLM main outcomes

Martin-Noguerol 2024 Neurology
[17]

Fang 2022_1[18] Endocrine

Huang 2024 [19] Pan-cancer

Arya 2024 [6] Pan-cancer

Truhn 2024 [9] Pan-cancer

Hu 2024 [8] Lung

Elmarakeby 2023 [20] Pan-cancer

BERT

BERT-BiLSTM-CRF

ChatGPT-3.5

BERT

ChatGPT-4.0

ChatGPT-4.0

BERT

Fine-tuned Zero-Shot

Fine-tuned Zero-shot

Baseline Prompt-engineered

Fine tuned Zero-shot

Baseline Zero-shot

Basdline Prompt-engineered

Fine-tuned Zero-shot

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

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

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

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%

Experiment 1: Correct
T-stage: 99%; Correct
N-stage: 95; Correct M
stage: 94; Lymph
nodes; 99%
Experiment 3: 100%
accuracy

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

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

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

F1: Clinical BERT:
0.72; DFCI-Imaging-
BERT: 0.78
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Clinical domain Baseline model Basdline or fine-tuned

LLM®

Study ID

Zero-shot or prompt -
engineered LLM

LLM main outcomes

Tan 2023 [21] Pan-cancer GatorTron; BERT; Fine-tuned

Prompt-engineered

Accuracy: GatorTron:

PubMedGPT

Fang 2022_2 [22] Pan-cancer BERT

Mitchell 2022 [23] Pan-cancer BERT

Lu 2021 [24] Pan-cancer BERT

Percha 2021 [25] Breast ALBERT; BART,

ELECTRA; RoBERTg,

XLNet

Gao 2021 [26] Pan-cancer BlueBERT

Baseline

Fine-tuned

Fine-tuned

Fine-tuned

Fine-tuned

0.8916; BioMega-
tron:0.8861;
BioBERT:0.8861;
ROBERTa:0.8813;
PubMedGPT:0.8762;
DeBERTa:0.8746;
BioClinica BERT:
0.8746; BERT: 0.8708

Zero-shot ROC:' 0.94

Zero-shot Group level steaccura
cy: 93.53%; Histology

codes: 97.6%

Zero-shot Symptom domains:
0.931; problems with
cognitiveand social at-
tributeson paininterfer-
ence: 0.916; problems

on fatigue: 0.929

Zero-shot ALBERT wasthebest-
performing model in

22 out of the 43 fields

Zero-shot BERT does not outper-
form baseline mod-
els—quantifiable mea-

sures not available

8_LM: large language model.
PNER: named entity recognition.

Bi-L STM-CRF: bidirectional-long short term memory-conditional random field.

4AUROC: area under the receiver operating characteristic.
CAUPRC: area under the precision-recall curve.

fAPHE: hyperintense enhancement in the arterial phase.
9PDPH: hypointense in the portal and delayed phases.
PPMK-EN: Prior Medical Knowledge-English Prompt
'ROC: 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%), gynecologica (n=1, 4%), and liver (n=1, 4%) cancer
contexts. The author teams of these studies belonged to
institutionsin 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

https://cancer.jmir.org/2025/1/e65984

studies were evaluated on datasets sourced from multiple
ingtitutional centers (n=18, 75%) compared to a single
ingtitutional 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), whereasthe proportion of studiesthat 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 studiesthat evaluated (A) fine-tuning and (B) prompt engineering methodol ogies to optimize large language model dataextraction

performance.

[ Baseline
@ Fine-tuned

-

2019 2020 2021 2022 2023 2024
Year

Discussion

Principal Findings

Our scoping review of 24 studies highlights significant research
interest in designing, evaluating, and deploying LLMsfor 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 clinica contexts, reflecting their
generalized natural language competency, regardlessof 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 model s across specific topics and use cases
before their deployment astoolsin 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
asextracting tumor and cancer characteristics and patient-related
demographic data [31].

The data processing competency of LLMsmakesthem auseful
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 studiesin
thisreview, we found that LLMs offer several benefits for data
extraction in clinical oncology, though further benchmarking

https://cancer.jmir.org/2025/1/e65984
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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 approachesfor clinical dataextraction asasupportivetool
along with ahuman reviewer may reduce the potential for errors
associated with human-led manual dataextraction alone, thereby
enhancing the reliability of clinica data anayses 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
generaized performance of LL M-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, alowing them to focus more on
patient-facing care and synthesis of medical knowledge from
LLM-extracted information rather than the burden of
administrative datamanagement [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
EHRSs, 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 asanew frontier for clinical decision
support [40]. Taken together, future research to optimize data
extraction for specific text formatsin oncol ogy—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 LLMsto addressbroad oncological challengesacrossmultiple
cancer types, likely due to the generalizable nature of these
modelsfor various cancer data[42]. Breast and lung cancer also
congtituted 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
fieldswhile also highlighting their broad “ out-of -the-box™ utility
in general oncology. For instance, Gao et a [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 methodol ogy, 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 benchmarksto assessLL M
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 analysisrevealsan 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 amaturation in
the application of LLMsin clinical settings, where research has
transitioned from devel oping baseline models for simple data
extraction to the optimization of existing models using novel
model adaptationsand prompting methodol ogiestailored to the
intricacies of medical dataextraction. 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
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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 LLMsfor 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 clinica
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 asalimitation of LLMsfor dataextraction. These
shortcomings underscore the criticdl need for cautious
integration of LLMsinto 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].
Thislimitation 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,
asindicated 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
domainsbeyond those used ininitial 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 limitationsinherent in our scoping review.
First, therapid evolution of LLM technol ogies meansthat newer
advancements may not have been fully represented in the
reviewed studies dueto thedelaysin 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 findingsin 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 resultsto 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 compl eteness 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.
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Abstract

Background: Digital interventions have been increasingly applied in multidisciplinary care plans to improve medication
adherenceto oral systemic anticancer therapy (SACT), the crucial lifesaving treatments for many cancers. However, thereis still
alack 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 SACTsin 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 a8 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 synthesi zed using arandom-effects model . The pooled resultswere reported asthe oddsratio and 95% Cl. The heterogeneity

was assessed with the 12 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 RCTson 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 technol ogies 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), asmart 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 randomi zation, subjective patient-reported data, and difficultiesin 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 (oddsratio 0.60, 95% Cl 0.47 - 0.77). Two studies reported positive mean differences in adherence scores
comparing digital intervention users and nonusers. However, due to considerable heterogeneity (12=73.1%), it is difficult to make
adefinitive conclusion from the pool ed results about the effect of digital interventions upon adherenceto oral anticancer therapy.

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

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

(JMIR Cancer 2025;11:e64208) doi:10.2196/64208
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Introduction

Medication adherence is a major public health concern, and
nonadherenceisresponsiblefor 8% of global health expenditure
and imposes a substantial economic burden on health care
systems|[1]. The advancein innovative treatments hasled 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 ratesin various
drugs and cancer [4,5], investigating how to improve drug
adherence [6], and identifying predictors of nonadherence[7].

Ora 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
medicinesaway from the medical setting. Many patients struggle
to adhere to daily oral SACTSs, 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, alack 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 astudy
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 approachesinclude telemedicine, whichrefers
to the provision of clinical services remotely using
communication tool s such asvideo or telephone. It encompasses
activities such as diagnosis, monitoring, advice, reminders,
education, interventions, and remote admissions, offering
benefits such asreduced travel costsand 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

https://cancer.jmir.org/2025/1/e64208

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 multimediainteractive
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-Eser 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 asmobile[27], app-based design
[20], text message [28], or telemedicine [23]), and specific
diseases [29,30], with previous reviews lacking synthesized
resultsfrom ameta-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 iswarranted
to evaluate the efficacy of digital interventions on adherence,
specificaly 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

Thissystematic review and meta-analysisfollowed 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

Theinclusion and exclusion criteriaof thisstudy are summarized
asfollows (Table 1).
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Inclusion criteria

Exclusion criteria

Population and conditions .

Intervention and comparator

S o

o

Outcome

wN e

o A~

Patients with cancer aged 18 yearsand old-
er.
Patients diagnosed with cancer.

Patients with cancer taking oral SACTS?.

The use of digital interventions such as.

Mobile apps

Web-based platforms

Wearable devices

Telemedicine interventions

Reminder systems (eg, text message re-
minders)

Virtual support groups or web-based com-
munities

Comparator: standard or usual care without
digital interventions.

Adherence measures such as:

Medication possession ratio

Proportion of days covered

Self-reported adherence measures (eg,
guestionnaires and surveys)

Pharmacy refill data

Medication event monitoring systems (eg,
smart pill bottles and electronic pill caps)
Biological markers

Patients with cancer including pediatrics,
children, adolescents, neonates, or infants.
Studies that include mixed age groups of
participants with cancer.

Patientswith cancer taking nonoral SACTS?,
Patients with cancer exclusively receiving

injectable SACTS®

Studies that use nondigital interventions to
improve adherence.

Studies with no suitable or appropriate
comparator.

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

Adherence measures are based solely on
subjective reporting (unless validated self-
reported measures were used).

Study type «  Human studies

Language . English

Publication .

Randomized controlled trialsand clinical
trials (comparative interventional trials)

« Animal orinvitro studies
«  Non-English language

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.

8SACTSs: systemic anticancer therapies.

Types of Studies

Randomized controlled trials (RCTs) and clinica trids
(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:
(2) patients aged 18 years and older, (2) patients diagnosed with
cancer, and (3) patients taking oral SACTSs. Patients younger
than 18 years, studies that included mixed-age groups of
participants, patients with cancer taking nonoral SACTs, and
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patients with cancer exclusively receiving injectable SACTs
were al 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 technol ogies, and telemedicine [35].

Toimprovetheir adherenceto oral SACTS, patientswith cancer
who used digital interventions, such as mobile apps, web-based
platforms, wearable devices, telemedicine interventions,
reminder systems (eg, text message reminders), virtual support

JMIR Cancer 2025 | vol. 11 | €64208 | p.37
(page number not for citation purposes)


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

JMIR CANCER

groups, or web-based communities, were included. Studies
using nondigital interventions to enhance adherence were
excluded.

Types of Outcome M easures

As there is no gold standard for measuring adherence and its
associated outcomes, studies that reported adherence to oral
SACTSs, measured by various methods including self-reported
adherence measures (such asthe M orisky 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 studiesthat 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 Plusfrom
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 popul ation-based information. Although thereisno
established guideline for the number of databasesto includein
a search, the combination of 2 broad and 2 focused databases
is considered appropriate for the subject area of this review.
Various structured search strategieswere 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
W(CL) 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 wasresolved by discussing between
reviewersand, if necessary, with athird reviewer (LCC) to reach
a consensus. The full texts of potentialy 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. Disagreementswere adjudicated
by athird 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
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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 refrieved. If raw data are unavailable, risk ratio, hazard
ratio, mean (SD), median (range) of adherence duration, or any
other resultsthat can be converted into raw datawere 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 therisk of biasin a systematic review is crucial, as
bias can distort the true effect of interventions [40]. Quality
assessment of al included studies was conducted using version
2 of the Cochrane Risk of Bias Assessment Tool (RoB 2) for
RCTsasrecommended 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], theincluded
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 outcomeswere 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 12
test (%). If appropriate, the mean difference and 95% ClI of the
adherence scale scores between the exposed and nonexposed
groupswere cal culated and synthesized. The meta-analysiswas
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% Cl 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.
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Figure 1. Selection of studies. APA: American Psychological Association; SACTS: systemic anticancer therapies.

Records identified from databases
(N=844)
MEDLINE (n=138)
g Embase (n=553)
'c:ul APA PsycINFO (n=27)
L:E CINAHL Plus (n=126)
E
o
™~
-/
Y
Records screened
(N=663)
&
=
-5
=
@
h 4
Reports assessed for eligibility
(N=49)
-/
)
g
S v
E
Reports (studies) included in this
review (N=13)
—/

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], Austrdia (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
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(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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Author, year, country  Cancer type, ageof pa- Digital intervention Control Adherence measure
tients
Tools or technology EPOC?
(vears) and intensity of inter-
vention
Kekale et a (2016), Chronic myeloid 30-minuteface-to-face Information and com-  Standard treatment MMASP
Finland [46] leukemia, median counseling and multi-  munication technology
(range): 60 (25-83). mediainteractiveinfor-
mation technologies
comprising a 5-minute
video and daily text
messagesfor 9 months.
Kimetal (2018), South Metastatic breast can-  Mobile game. Play the Smart-home technolo-  Routine care K-MARS®
Korea[22] cer, mean (SD): 50.9  gamefor >30 minutes, gies
(7.0) 3 times weekly, for 3
weeks.
Sikorskii et al (2018), Varioustypesof can- Reminder phonecals Telemedicine Standard care RDIE
United States [33] cerd mean (SD): 61 consisting of daily ad-
(12). herence reminder calls.
Eldeib et a (2019), Metastatic colorectal or  Follow-up phonecalls Telemedicine Standard care PRill count method
Egypt [23] gastric cancer, mean involving weekly
(SD): intervention phone calls for the 11
group: 49.98 (10.7); cycles of treatment.
control group: 44.8
(12.65)
Greer et a (2020), Varioustypesof can-  Mobile app with pa- Smart-home technolo-  Standard care MMASP
United States [43] cer’, mean (SD): 53.30 tientsusingtheappfor gies
(12.91) 12 weeks.
Hershman et a (2020), Early-stagebreast can- Text messagetwicea  Smart-hometechnolo-  No text messaging Urine test
United States[21] cer, median (range): week for 3years. gies
60.9 (30.7 - 82.4)
Tanetal (2020), Singa- Breast cancer, median  Text message weekly ~ Smart-hometechnolo-  Standard care SMAQY
pore [48] (range): 61 (32-80) for 1 year. gies
Bouleftour et d (2021), Varioustypesof can-  Follow-up phonecalls Telemedicine Routine care MMASP
France [44] cer" median (Q1-Q3): with calls at baseline,
70 (62-78) 3rd, 6th, 12th, and 24th
weeks.
Karaaslan-Eser and Varioustypesof can-  Mobileapp, whichwas Smart-home technolo-  Standard care OCASY
Ayaz-Alkaya (2021), cer', mean (SD): inter- aweekly record of gies
Turkey [25] vention group: 60.33 ~ Symptomsand severity
(9.31); control group: ~ for 6 months.
62.14 (9.97)
Mir et al (2022), Variousadvanced or ~ Follow-up by phoneor  Telemedicine Usual care RDI€ and questionnaire
France [45] metastatic cancerk me-  internet (web portal)
dian (range): 62 (20-  Weekly for first month,
92) biweekly from second
to fourth month, and
then 3weekly fromthe
fifth month onward.
Park et a (2022), Breast cancer, mean Mobile app and smart  Smart-hometechnolo- Usual care Automatic smartphone
South Korea [24] (SD): 53.33 (8.71) pill bottle reminder gies records
with smart pill bottle
reminder daily for 4
weeks.
Singleton et a (2023), Breast cancer, mean Text messages compris- Usual care Self-reported missed

Australia[47]

(SD): 55.1 (11.1)

ing 4 text messages
weekly for 6 months.

Smart-home technolo-
gies

doses within thelast 7
days
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Author, year, country  Cancer type, ageof pa- Digitd intervention

tients
Tools or technology

and intensity of inter-
vention

(vears)

Control Adherence measure

EPOC?

Guio et al (2024),
Colombia[14]

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

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

Multimediainteractive Information and com-
munication technology tional approach

Conventional educa-  paQ!

3EPOC: Effective Practice and Organisation of Care.
PMMAS: M orisky Medical Adherence Scale.
®K-MARS: Korean version of the Medication Adherence Rating Scale.

dBreest, colorectal, gastrointestinal, leukemia, liver, lung, lymphoma, melanoma, myeloma, pancreatic, prostate, renal, sarcoma, brain, esophageal, and

other cancer.

®RDI: relative dose intensity (defined as the ratio of the dose delivered over time to the prescribed dose intensity).
fHematoIogic, non—small cell lung, breast, high-grade glioma, sarcoma, gastrointestinal, genitourinary, melanoma, and nongastrointestinal stromal

tumor sarcoma.
9SMAQ: Simplified Medication Adherence Questionnaire.

PHematol ogic, 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.

IMAQ: Medication Adherence Questionnaire.

Quality Assessment

The 13 included RCTsraised 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]. Theauthors of these RCTsmade assumptions
about the absence of urine samples as an indicator of
nonadherence and the correl ation 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 biasesin this meta-analysis.

Characteristics of the I nterventions

Four studies used mobile appsto integrate educational materials
into their platforms [22,24,25,43]. Although the app
(ILOVEBREAST) by Kim et a [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 studiesincorporated
additional digital technologies into their mobile apps, such as
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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
technol ogiesincluded disease management and patient education
about specific cancer types. Three studies directly targeted
adherence through their digital technologies, either by
guestioning 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 viaaweb portal [45] (Multimedia Appendix 4).

Thedelivery mode of digital technologiesinthe 13 RCTsvaried.
Mobile appsinvolve self-administration by patients, constituting
apassive 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 M easurement

Adherencewasthe primary outcomein 11 RCTs, while 2 studies
assessed it as a secondary outcome [45,47]. Various subjective
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measures, including surveys[14,22,25,43-46,48], relative dose
intensity (RDI) [33,45], pill count [23], self-reported missed
doses[47], and asmart 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 asignificantly lower
risk of poor adherenceto oral SACTsthan nonusers (oddsratio

0.60, 95% CI 0.47-0.77; 1>=73.1%) (Table 3). A trend was
observed where smaller studies favored the digital intervention
group [14,25,46], whilelarger studiesfavored the control group
or showed no significant difference[21,33,43,45,48]. However,
definitive conclusions cannot be drawn due to substantia
heterogeneity (12=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.

Study Type of digital technology  Follow-up Event rate® Odds ratio (95% CI)
Kekéle et al (2016) [46] « Faceto-facecounsel- 9 months 1/35vs 9/33 0.08 (0.01 - 0.66)
ing
« Interactive multimedia
platforms
Sikorskii et a (2018) [33] «  Reminder phonecals 12 weeks 0/106 vs 0/108 1.02 (0.02 - 51.82)
o  Disease self-manage-
ment tool kits
Eldeib et a (2019) [23] «  Follow-up phonecalls 11 cycles 0/44 vs 3/38 0.13(0.01 - 2.73)
Greer et a (2020) [43] « Mobileapp 12 weeks 11/80 vs 20/86 0.53(0.23 - 1.18)
Hershman et al (2020) [21] .«  Text message 3years 238/290 vs 268/313 0.77 (0.50 - 1.19)
Tan et a (2020) [48] o  Text message 1year 59/123 vs 55/121 1.11(0.67 - 1.83)
Karaaslan-Eser and Ayaz- .«  Text message 6 months 16/38 vs 28/39 0.29 (0.11 - 0.74)
Alkaya (2021) [25]
Mir et a (2022) [45 «  Follow-up by phoneor 6 months 15/255 vs 26/265 0.57 (0.30 - 1.11)
internet (web portal)
Park et a (2022) [24] « Mobileappintegrated 4 weeks 1/30 vs 3/27 0.28 (0.03 - 2.83)
with asmart pill bottle
reminder
Singleton et a (2023) [47] «  Text message 6 months 3/42 vs 8/47 0.38 (0.09 - 1.52)
Guio et a (2024) [14] « Interactivemultimedia At least 100 daysfollowing 1/16 vs13/16 0.02 (0.01 - 0.17)
platforms transplantation or 3 months

after maintenance

Overall N/AP N/A 345/1059 vs 433/1093 0.60(0.47 - 0.77); 1>=73.1%

3Event rate refers to the proportion of poor adherence in each study, measured by the specific method used in the study. Digital intervention usersversus
nonusers. Some event rate val ues have been converged based on the adherence data provided by studies.

BNI/A: not applicable

or improvement in oral SACT adherence compared with
Adherence Scale Score and RDI nonusers. The mean (SD) of the RDI for theintervention group
Two studies reported adherence scale scores[22,44]. Although  and the control group were 0.89 (0.03) (n=122) and 0.92 (0.03)
the results were not pooled, the mean differencewascalculated  (n=117) in one study [33], and 0.84 (0.26) (n=255) and 0.80
(Table 4). These 2 studies generated positive mean differences,  (0.21) (n=265) in another study [45]. A value of RDI<0.8
indicating that digital technology usersexperienced anincrease  indicated underadherence, as reported in 1 study [33].

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

Study Digital technology Follow-up Adherence scale Mean (SD) score? Mean difference® (95%
Cl)
Kimeta (2018) [22] Mobile game 3 weeks Korean version of the 7.6 (0.7) (n=34) vs6.5 1 10 (0.82-1.38)°
medication adherence  (0.5) (n=38)
rating scale
Karaaslan-Eser and Text message 6 months Oral chemotherapy ad- 81.22 (8.05) (n=38) vs 7.gg (3.81-11.92)°
Ayaz-Alkaya (2021) herence scale 73.36 (10.44) (n=39)
[29]

@Digital intervention users versus NoNusers.

B\ ean difference represents the adherence score difference between digital intervention users and standard care patients, with higher scoresindicating
better adherence.

p<.01.
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Discussion

Principal Results

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

Interactive and patient-focused digita 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, asthey showed asignificantly 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 variousfactors, 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 eventsis 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 crucia 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]. Thisindicates that personalized
interventions may improve adherence [51,52]. With more than
4.57 billion web usersglobally, 91% are accessing it viamobile
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 callswas a so amethod 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 thisdoes not verify intake [55]. Moreover,
digital treatments may have drawbacks, including the cost and
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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 voi ce responses over 8 weeks, with the intervention
group receiving additional daily text messagesfor 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
toadigital health divide [57]. For instance, older adultsareless
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

Thisreview focuses on managing medication adherence at home
for patients with cancer who are prescribed oral SACTs. All
studies included are RCTSs, considered the gold standard for
measuring intervention efficacy [62]. We excluded single-group
pre-post test designsto 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 valuableinsightsinto long-term impact [21]. Thepooled
meta-analysis results provide an integrated understanding of
digital tools' efficacy in supporting medi cation adherence among
patients with cancer.

While digita interventions hold promise, we acknowledge
several limitationsin this study, including various cancer types
and oral SACT classesintroducing disease uniqueness and drug
response variability, potentially impacting medi cation 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,
aswell asdiversity inthe cancer typesinvestigated. Theinability
to conduct a patient-blinded experiment due to patient
expectations of additional digital support isrecognized[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

JMIR Cancer 2025 | vol. 11 | €64208 | p.44
(page number not for citation purposes)


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

JMIR CANCER

in some trials may limit statistica power and significance
between intervention and control groups.

This heterogeneity is inherent to the subject matter [63].
Methodological heterogeneity was notable (12=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 limitationsis crucia 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|ow-, middle-, and high-income
regions globally, each with varying accessto digital technologies
and health care systems. Most studies have been conducted in
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high-income regions, which limits the generalizability of the
resultsto low- and middle-income aress. In addition, thelimited
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, moativation-driven, and culturaly adapted
digital tools and be tailored for individual s with different types
of cancer or oral SACTSs. 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' preferencesfor digita
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 rea-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 SACTsand improving treatment outcomeswhile 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 individua patients' needs.
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Abstract

Background: Artificial intelligence (Al) isarevolutionary tool yet to befully integrated into several health care sectors, including
medical imaging. Al 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 Al in cardio-oncology imaging to
predict cardiotoxicity and describe the possible improvement of different imaging modalities that can be achieved if Al 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 Al research assistant tool (Elicit) to search for original studies reporting Al outcomes in adult
patients diagnosed with any cancer and undergoing cardiotoxicity assessment. Outcomes included incidence of cardiotoxicity,
left ventricular gjection 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, Al model, outcomes, and limitations.

Results. The systematic search resulted in 7 studies conducted between 2018 and 2023, which are included in thisreview. 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 Al to enhance cardio-oncology
imaging for predicting cardiotoxicity in patients with cancer.

Conclusions; Our findings suggest that Al can enhance the accuracy and efficiency of cardiotoxicity assessments. However,
further research through larger, multicenter trials is needed to validate these applications and refine Al 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:€63964) doi:10.2196/63964

KEYWORDS

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

: of al cases, respectively [1]. Breast cancer is the most
Introduction commonly diagnosed type of cancer globally [2]. In 2020, the

The World Cancer Research Fund International reported 18.1  !Nternational Agency for Research on Cancer reported 27,885
million cancer cases in the year 2020, with breast and lung "W cancer cases, with nearly 47% of these cases ending with

cancer being at thetop of thelist, representing 12.5% and 12.2% death [3].
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In the United States, there are currently 17 million cancer
survivors; by 2030, that number is predicted to riseto 22 million.
For many cancer survivors, cardiovascular disease (CVD) is
theleading 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
overal results[4].

In recent years, there has been a notable advancement in the
fight against cancer. However, anew problem has cometo light:
the potential for lifesaving cancer treatmentsto 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
dueto 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], especialy if diagnosed early [8].
However, patients receiving cancer treatments such as
chemotherapy, radiotherapy, and targeted agents have a 20%
chance of developing myocardia 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 al so 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
overal 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 typesisanthracycline-based chemotherapy [16].
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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
varubicin [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 alows the
administration of the appropriate cardiac care, improving the
overal 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 a so recommendsthat 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
anthracyclinetherapy [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 gjection
fraction (LVEF) and the global longitudinal strain (GLS) [23].
Echocardiography has many advantages, making it the first
modality of choiceto monitor cardiotoxicity. These advantages
includeitsability to provide real-timeimaging; 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 resultsinterpretation, and variability in theimage
quality [23]. Theselimitations can result in theinability 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 resonanceimaging (CMR)
and nuclear imaging to provide information on specific
mechanisms of cardiotoxicity [24].

With the recent emergence of artificial intelligence (Al) 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]. Al can generate this data by processing
large amounts of readily availableimaging datathrough artificial
neural networksinspired by the connectionism of the biological
neural network in the brain [25]. Tasks executed by Al
algorithms in medical image processing include image
acquisition, analysis, segmentation, feature extraction,
visualization, registration, and classification [25]. Using
Al-augmented imaging in the assessment of cardiotoxicity can
help in recognizing subclinical cardiotoxicity caused by
anthracyclinesin addition to being able to reproduce the images
more accurately by enhancing the imaging quality produced by
the echocardiograph, which eventually will alow better
monitoring and earlier detection of cardiac dysfunction [27].
For more detailed definitions of cancer treatments,
cardiovascular toxicity, imaging modalities, and the application
of Al in healthcare, please refer to Multimedia Appendix 1.

Degspiteits potential, the evidence base of Al imaging solutions
for cardiovascular carein general and predicting cardiotoxicity
in particular has been limited to date. Therefore, further research
about Al’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 Al in
cardio-oncology imaging to predict cardiotoxicity and describe
the possibleimprovement of each modality for cardio-oncology
imaging when deploying Al to routine practice.

Methods

Thissystematic 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, CochraneLibrary, CINAHL, and Google
Scholar for relevant studies from inception until June 2023. An
Al 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.

Ter minology

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, Al, deep learning, machine learning,
cardio-oncology, cardiotoxicity, cardiac toxicity, cancer
treatment, cancer therapy, “artificial intelligence,” “machine
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learning,” “Al augmentation,” “deep learning,” OR “Al” AND
“Cardio-oncology,” “ Cardiotoxicity,” “ Cardiovascul ar 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 Al outcomes in adult patients
diagnosed with any type of cancer and undergoing cardiotoxicity
assessment were included. Outcomes included incidence of
cardiotoxicity, LV EF, risk factors associated with cardiotoxicity,
heart failure, myocardia dysfunction, signs of cancer
therapy—related  cardiovascular  toxicity  (CTR-CVT),
echocardiography, and CMR. Non-English studies, casereports,
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 Intelligencein Medical Imaging
(CLAIM) [28]. CLAIM is modeled after the Standards for
Reporting of Diagnostic Accuracy Studiesguideline. It addresses
the application of Al 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 agorithm, with the most severe
rating across al 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 al included studies
using the same tool.

Statistical Extraction and Analysis

According to the CLAIM checklist, thefirst, second, and third
authors (MR, HM, and AR) extracted data from the included
studies. All discrepancies were resolved after adiscussion, 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, Al
model, outcomes, and limitations. AO performed analysis, and
figureswere generated using RStudio (version 2023.06.0; Posit
PBC).
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2from CINAHL, and 21 from Elicit. After eliminating duplicate
tittes and articles in non-English languages, 617 articles

Study Selection

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

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 textsand
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.
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# General literature reviews (n=14)

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.

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
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Figure2. CLAIM sections compliance. CLAIM: Checklist for Artificial Intelligence in Medical Imaging.
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Figure3. CLAIM items compliance. CLAIM: Checklist for Artificial Intelligencein 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 al 7 articles, representing
100% compliance. Methods had 77% compliance, results
represented 77% compliance, and therewas adiscussionin 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 asfollows: 5 studies were
conducted prospectively, while the remaining 2 were conducted
retrospectively. Moreover, 4 studieswere reported asfeasibility
studies, 2 were exploratory studies, and 1 was amodel creation
study. Finally, items 10 and 27 of the CLAIM criteria did not
apply to the 7 studies.

https://cancer.jmir.org/2025/1/e63964
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Characteristics of the Included Studies

In total, 7 studies conducted between 2018 and 2023 were
included, with 5 from the United States (Kar et a [29-31], Zhang
et a [32], Edalati et a [33]), 1 from China (Shen et a [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). Al 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 providesdetails of the Al components of theincluded studies.
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Table. Summary of the studies included in this review: demographic and descriptive data.

Author, year, Study design Sample size Gender Age (years) Treatment Cancer type Imaging tech-
country nique

Shenetal, 2023, Retrospective,  N=1468 Male: n=785,fe- >60: n=617, Anthracycline  Diffuselarge B- Nongated and

China[34] multicenter male: n=683 <60: n=851 cell lymphoma  noncontrast
chest computed
tomography for
coronary artery
calcium scoring
echocardiogra-
phy for cancer
therapy—related
cardiac dysfunc-
tion and major
adverse cardio-
vascular event

Chang et al, Prospective, sin- N=211 n=211 55.8 (SD 10.28) Anthracycline,  Breast cancer; Echocardiogra-
2022, Taiwan gle center, with trastuzumab stage I: n=50; phy
[35] 3years of fol- stage I1: n=101,
low-up stage l11: n=52;
stage IV: n=8
Kar et al, 2023,  Prospective N=32 Female n=32 Baseline: 59.4  Anthracycline, Breastcancer « pgNSE?
United States (SD9.7); 3 trastuzumab, ra- . Magnetic
[31] months: 59.6 diotherapy resonance
(Sb9.7), 6 imaging
months; 59.6 « Trans
(sba.7) esophageal
echocardio-
gram
Kar et a, 2022, Prospective IGP: n=30: cc®: G female: IG:54(SD9), Anthracycline,  Breast cancer . DENSE
United States n=30 n=30; CG fe- CG:50(SD 13) trastuzumab o Magnetic
[30] male: n=30 resonance
imaging
Kar et a, 2021, Prospective N=42 Female: n=42 55.5 (SD 8.6) Anthracycline,  Breast cancer . DENSE
United States trastuzumab « Magnetic
[29] resonance
imaging
Zhang et al, Retrospective, Hypertrophy CIC female: CIC: 55 Trastuzumab, Breast cancer Echocardiogra-
2018, United 10 years cardiomyopathy: n=152 pertuzumab phy
States [32] n=260; echo:
n=14,035;
amyloidosis:
n=81; CIC%:
n=152; pul-
monary arteria
hypertension:
n=27
Edalati et al, Prospective CG:n=10,1G: CGmae n=5; CG:52.6(SD Not applicable  Breast cancer: Cardiac magnet-
2022, United n=10 CGfemde n=5: 21.2);1G: 47.6 n=4, sarcoma: ic resonance
States [33] IG mae: n=5; (SD 13.6) n=3, lymphoma imaging
I1G female: n=5 n=1, leukemia:
n=1, myeloma:
n=1

3DENSE: displacement encoding with stimulated echoes.
B1G: intervention group.

¢CG: control group.

deic: 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.

Author, year, country Artificial intelligence solution Main outcomes Limitation
Shenetd, Artificia intelligence coronary Cancer therapy—related cardiac A larger sampleis needed to
2023, China[34] artery calcium scoring: dysfunction validate the mode!’s accuracy

Chang et a, 2022, Taiwan [35]

Kar et al, 2023, United States[31]

Deep learning agorithm
Image segmentation

Bound the range of the heart
area

Detect and segment the calci-
fiedlesionsin coronary arteries
Calculate coronary artery calci-
um score

Machine learning:

Major adverse cardiovascular
events

Cancer therapy—related cardiac

The study was limited to Chi-
nese patients

A relatively small number of

«  Multilayer perceptron dysfunction included patients
o A tree-based estimator was Symptomatic heart failurewith
used to compute essential fea- reduced gjection fraction

tures, and 15 features were in-
cluded in our multilayer percep-
tron model based on experts
judgments.

Validated advanced artificial intelli-
gence methodol ogies
(DeepLabV 3+) with fully convolu-
tional networks:

Global longitudina strain
Cancer therapy—related cardiac
dysfunction

Adverse cardiac events

Single-center study without
externa validation

No integration between cancer
therapy—related cardiac dys-

*  Segmenting the DENSE? mag- function risk analysis by com-
nitude images for chamber bining circulating troponin
quantification levelswith global longitudinal

Segmenting the DENSE phase
images for phase-unwrapping
and 3D strain analysis

strain measurements for a
practical bivariable prognostic
approach

Kar et al, An FCNP-based solution adapted ~ Global longitudinal strain Comparing the performance of
2022, from the DeepL abV 3+ network: pDhaseLL;r;V\\;?pr:I ng th ;]h o
i o Phase-unwrapping FCN. eep + to another
United States[30
(=0 . Compared with conventional Such as PhaseNet.

unwrapping techniques, valida- The relationship between the
tion via phantom setup with wrapped phase and wrap count
known displacements and 3D can be |everaged with more
strain analysis in healthy pa- arbitrary shapes rather than

Kar et al, 2021, United States[29]

tients.

Left ventricular volume was
estimated with previously vali-
dated DeepL abV 3+.
Compuitation of 3D myocardia
strainswith the meshfree Radi-
al Point Interpolation Method

An automated |eft ventricular
chamber quantification tool (deep
learning):

DCNNC®and DeeplabV/ 3+ with
ResNet-50 backbone

Some layers of the original
ResNet-50 to tailor DCNN for
cardiac image segmentation
DENSE-based results were
validated by corresponding
steady-state free precession
datain the same patients who
weretrained using an identical
DeeplLabV 3+ DCNN.
Chamber quantification and
strain analysis were done after
theimage-based reconstruction
of the full 3D left ventricle.

Left ventricular end diastolic
diameter

Left ventricular gjection frac-
tion

Myocardial strains analyzed
with theradial point interpola-
tion method

round and ellipsoidal shapes
only.

Backbone networks such as
Xception, Inception, ResNet-
101, U Net, and others were
not tested for left ventricular
segmentation.
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Author, year, country Artificia intelligence solution Main outcomes Limitation
Zhang et al, 2018, United States A computer vision pipelinefor auto- Automated identification of 23 Problems with segmentation

[32] mated 2D echocardiograminterpre-
tation:
«  Convolutional neural network
for view classification
«  Image segmentation
. Measurements of cardiac
structure and function disease

detection

Edalati et al, 2022, United States ~ EasyScan:

[33] «  Otsu method: segment heart
region

«  Trained regression network:
distance map calculation

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

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

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

«  Scantime difference

o Accuracy of cardiac plane pre-
scriptions

«  Signal to noiseratio

«  Contrast to noiseratio

o Overal image quality (sharp-
ness and magnetic resonance
image degradation)

.  FEjection fraction

«  Absolute wall thickening

N/Ad

8DENSE: displacement encoding with stimulated echoes.
bFCN: fully convolutional network.

°DCNN: deep convolutional neural network.

dN/A: not applicable.

Theincluded studiesreveal ed significant clinical heterogeneity
acrossthe studies. Study designsranged from retrospective (eg,
Shen et a [34]: n=1468; Zhang et al [32]: n=260) to prospective
(eg, Chang et a [35]: n=211; Kar et al [29-31]: n=32 - 42),
impacting sample size and follow-up duration (eg, 3 yearsin
Chang et a [35] vs 10 years in Zhang et a [32]). Imaging
modalities differed in application: echocardiography (Chang et
al [35], Zhang et a [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 a [33]) evaluated image quality and
efficiency. Al technigques showed varied sophistication—CNNs
(eg, DeepLabV3+ in Kar et a [29-31], CNN pipelinein Zhang
et a [32]) and deep learning (Shen et a [34]) enhanced
segmentation and classification, while ML with multilayer
perceptron (Chang et a [35]) predicted outcomes like heart
failure with reduced g ection fraction.

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

https://cancer.jmir.org/2025/1/e63964

linked CACS to mgjor adverse cardiovascular events (MACE).
At the same time, Edalati et a [33] emphasized scan time and
signal-to-noise ratio. Al improved detection accuracy (eg,
automated CACS in Shen et a [34], GLS computation in Kar
et al [30,31]) and efficiency (eg, EasyScan in Edalati et a [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 a
[31], Chang et a [35]), and lack of external validation (eg, Kar
et a [31]). Geographic restriction (Shen et a [34], Chinese
patients) and technical challenges (eg, segmentation issues in
Zhang et a [32]) further constrained generalizability.

Risk of Bias Assessment

Therisk of bias assessment began with general considerations
for al studies, which included establishing a minimal set of
confounders identified by the reviewers as likely to introduce
biasin 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.
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Discussion

Summary of Included Studies

In 2018, Zhang et a [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-CV T 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
classificationin just afew steps. First, they taught the machine
torecognizeindividual echocardiographic views, where models
weretrained using manual |abels 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 measurementsto devel op disease
classification models [32]. Zhang's approach is intended to
enable datamining and knowledge extraction from the enormous
number of archived echocardiograms, which will have a
significant clinical impact by introducing relatively low-cost

https://cancer.jmir.org/2025/1/e63964
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guantitative metrics into clinical practice and enabling causal
insightsthat require systematic longitudinal tracking of patients
[32]. The study results favored using Al-automated
measurements over manua measurements across 11 internal
consistency metrics. One of theseisthe correlation between | ft
atrial and left ventricular volumes. Thiswork is argued to have
laid the basisfor 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 adifferent imaging modality, Edalati et al [33] devel oped
EasyScan, which isautomated 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 femaes) and 10
cardio-oncology patients (5 males and 5 females) undergoing
2 identicad CMR protocols (manua cardiac planning versus
Al-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
Al-shim to assess the signal-to-noise ratio, contrast-to-noise
ratio, overal 1Q (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 BO magnetic field homogeneity using the
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Al-shim technique compared to volume shimming [33]. Eldal ati
argued that hisresults suggest many potential positive outcomes
of implementing Al, including amore straightforward and faster
workflow chain by minimizing technique complexity. However,
a significant limitation of this study is the cohort size, asit is
considered small compared to other papersin thisfield.

Kar et a [29-31] used Al, 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 a [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
myocardiumin single-scan DENSE MRI for patientswith breast
cancer susceptibleto 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 a 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 till 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 myocardia strainsdirectly from the unwrapped phases
with the radial point interpolation method. They compared the
results of 30 patients with 30 healthy individuals, and the
differencein GL Sresults between the participants demonstrated
that the FCN is sensitive to unwrapping left ventricular datain
a heterogeneous cohort [30]. Moving forward with their work
on GLS computation, Kar and her team investigated early
alterationsin prognostic factors such as GL Swith standard Cox
proportional hazards regression for estimating the risk of
CTR-CVT incidentsin patients with breast cancer undergoing
cancer treatment using their previously developed Al-FCN.

Moving forward, Kar and her team carried out atrial using their
tool to estimate therisk of devel oping cardiotoxicity in patients
with breast cancer using data from their previous studies [31].
Thetrial proved their hypothesis that GL S 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 studieswas that they were able
to validate their solution internally within their center. However,
their trials did not comewithout limitations. The solutionswere
not validated externally with other centers, and there was a
greater samplefor 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
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PhaseNet, which is considered a significant limitation in their
conclusion [30].

Concurrently, in 2022, Chang et a [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 a [35] aimed to establish an Al-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 measurethe LV EF at basdline,
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 Al solution, datawere validated using adatamart 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
processyielded the best accuracy in predicting CTR-CVT [35].
Moreover, the multilayer perceptron showed the best resultsin
predicting heart failure with a reduced gjection fraction as an
early sign of myocardia dysfunction after the occurrence of
CTR-CVT [35].

Shen et a [34] conducted the most recent study in Chinain
2023. The study aimed to evaluate whether the pretreatment
CACScan stratify therisk of CTR-CVT and MACEsin patients
with diffuse large B-cell lymphoma (DLBCL). They
retrospectively collected nongated and noncontrast chest CT
scans of 1468 patientsfrom 4 health centersin 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 imagesto the software. The study showed
that automating CACS derived from chest CT scans done before
receiving the treatment is potentially helpful in identifying
patientsat risk of developing CTR-CVT and MACESin 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 approachesto 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 Al 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 prognosisin thisarea, some
drawbacks hold them back from being optimal methods of
investigation. The echocardiograph is entirely user-dependent
inimage reproducibility and resultsinterpretation, 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 protocol s are needed
in this cardio-oncology areato optimize patient care [36].

Many health care disciplines have moved toward advancing
artificial intelligence and developing better ML algorithms as
they continueto improve patient care quality significantly. With
the availability of enormous volumes of patient data and
accessibility of proper hardware, Al and ML can accelerate the
pace of change in health care. These technologies can sift
through the dataand analyze it much faster than humans, leading
toincreased efficiency. ML isused 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 thisreview, the authors focused their
assessment on using Al 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 Al in cardiovascular imaging among patients
with cancer. These studies examine the use of Al on MRI,
echocardiogram, and CT imaging modalities with different Al
technologies such as ML, CNNs, and image segmentation.

The future of imaging Al in cardio-oncology holds substantial
promise. This convergence of cutting-edge technologies,
encompassing molecular imaging, wearabl e 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 Al aigns with the significant
advancements witnessed from ML to deep learning in Al,
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 Al agorithms trained on diverse patient
cohorts and multimodal imaging data, could assist cliniciansin
formulating proactive strategies for long-term cardiac care in
cancer survivors, thereby enhancing overall cardiovascular
health and quality of life.

Challenges of Al in Health Care

As promising as Al 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].
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Moreover, their usefulness in hedth care depends on
incorporating the Al tool in clinical decision-making as part of
the clinical practice routine, and that concern needs further
investigation [37]. Another inadequacy of Al applications in
health care is the systematic biases affecting patient
demographics, such as gender imbalance [38]. It is worth
mentioning that Al requirestraining on all kinds of populations
with different demographics to guarantee equal performance
from one population to another. It isrecommended that multiple
massive datasets be combined either retrospectively or
prospectively toimprovethe generalizability of the ML process
and the training of Al models, which was not achieved by all
the included studiesin 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 Al 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 Al 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 Al 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 Al inthe medical field is arelatively new research
area. This review could be used to stimulate further research.
It can be used as groundwork for lab work to improve Al 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 Al 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 sincetheinitial search process
for this paper.

Conclusions

In conclusion, this systematic review highlights the promising
potential of Al 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 Al methodol ogies, including ML and deep
learning, can significantly improve the accuracy and efficiency
of cardiotoxicity assessments across variousimaging modalities,
such as echocardiography and CMR.

Thereview underscoresthat Al-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 Al 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, collaboration will pave the way for personalized medicine
health care professionals, and researchers is essential to approaches, ultimately enhancing patient care and improving
advancing Al's integration in cardio-oncology. This thequality of lifefor cancer survivorsat 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 behaviora 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 aternative for aleviating the caregiving burden and the
negative emotions experienced by caregivers.

Objectives: Thisstudy aimed to provide ascoping review of ICBT interventionsfor caregivers of patientswith 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,
ChinaNational Knowledge Infrastructure (CNKI), Wanfang Data, and V1P Chinese Journal Database. The search timeframe was
from database inception to June 6, 2024. I nclusion criteriaencompassed intervention studies that implemented cognitive behaviora
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
(9712, 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 bel ow 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: Theimplementation of ICBT for caregivers of patientswith 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 devel op optimal intervention strategies
and secure online platforms based on the cultural background in Chinato 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 therise
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 afamily 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 asthe 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 a [7] conducted asurvey
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 a [8] reported that
the prevalence of anxiety and depression among caregivers of
patientswith 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 itsrobust 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 moddl,
internet-based cognitive behavioral therapy (ICBT) hasemerged.
ICBT is an internet-based treatment approach that uses tools
such as computers and mobile devicesto deliver the core content
and skills of CBT through text, video, images, and audio [11].

ICBT addressesthe limitations of CBT in its application. Some
caregivers concentrate on caregiving behaviors, frequently
suppressing their own emotions, which may lead to distress
stemming from adeficiency 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
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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 stressand improvetheir 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, thisstudy usesascoping 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 patientswith 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 followsthe 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 componentsof ICBT for caregivers of patientswith
cancer?; (2) what are the intervention forms, duration, and
evaluation time pointsfor 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 databasesto June 6, 2024. A combination
of subject headings and free-text terms was used. The search
strategy was formulated with the guidance of alibrarian. The
English search terms were “neoplas*, carcinoma*, tumor,
oncology, cancer*;” “Cognitive Behavio*, Behavio* Therap*,
Cognitive Therap*, ICBT, cognitive behavioura 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 criteriais presented in Textbox 1.
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Textbox 1. Inclusion and exclusion criteriafor article selection.

Shen et al

Inclusion criteria:

years or older.

«  Published literature in both Chinese and English.

Exclusion criteria:

o  Literature for which the full text could not be obtained.
o Duplicated publications.

«  Conference abstracts.

«  Research protocols, reviews, and case studies.

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

«  Theintervention emphasizes the implementation of cognitive behavioral therapy viathe internet, WeChat, mobile devices, or other applications.

« Literature type: original research, including randomized controlled trials or quasiexperimental 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. Discrepancieswere
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,
samplesize, interventions, and outcomes, with asecond reviewer
(XML) independently verifying the accuracy and compl eteness
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

https://cancer.jmir.org/2025/1/e67131

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 asthe United States (4/12, 33%), Australia(3/12,
25%), China (3/12, 25%), Lithuania (1/12, 8%), and Germany
(1/12, 8%). Study designsincluded randomized controlled trials
(9712, 75%), quasi-experimental (1/12, 8%), mixed-methods
(112, 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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Identification of studies via databases and registers

Identification

Records identified from Databases (n=1004 )
PubMed(n=68); Web of science(n=553);
Cochrane Library(n=54); CINAHL(n=7);
Embase(n=250); CNKI(n=38); VIP(n=1);
Wanfang(n=30); CBM(n=3)

Screening

Included

Additional records identified
through other sources (n=1)

3

Records after duplicates removed (n=878)

Records excluded after screening

Y

by title & abstract (n=835)

(n=43)

Full-text articles assessed for eligibility

Reports excluded (n=31):
Ineligible study population (n=6)

Y

"1 Irrelevant intervention (n=8)
Non-conforming intervention content (n=17)

(n=12)

Include after reading the full text

Y

Studies included in review (n=12)
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Table . Basic characteristics of included literature.
Reference Study type Interferenceobjects Sample (example,  Intervention and Outcomeindica Results
TIC) groups tors; evaluation
time
Scott et a [17] Feasibility of the  Carersof adult pa- 13 o Therapist-ad- Primary outcomes. Engagement was
intervention tients with cancer ministered 6- feasibility and ac-  modest; CCO result-
receiving curative week ICBT®  ceptability; sec- edinlarge overall
treatment program via ondar_y outcomes: reductions
websiteand ~ negativeafect, dis- i negative affect
email. tf%‘St, QZ‘IL? af_'t' me  (Cohen d=0.88)
. b point evaluation .
CCO” compo- (pre-post) %ﬂ;’ggiﬁ;‘c
nents includ- Spe-
ed: starting cific distress (Co-
treatment; hen d2037), small
coping with tomoderateincreas-
physical esin QoL.
symptomsand
side effects;
coping with
emotional dis-
tress; body
image, identi-
ty and sexuali-
ty; family and
friends; com-
pleting treat-
ment.
Chamberseta [18] RcTd Patientswith can-  345/345 e Ab-session Primary outcomes.  The psychologist-
cer and caregivers psychologist  psychological; can- led intervention
cognitive-be-  cer-specificdistress demongtrated reduc-
havioral inter- and posttraumatic  tions both psycho-
vention deliv-  growth; 4-time logica distress
ered by tele-  point evaluation (Cohen d=0.2,
phone (psy- (pre-3-6-12 P<.001) and can-
choeducation; months). cer-specific distress
coping and (Cohen d=0.77,
stressmanage- P<.001), whileaso
ment skills; enhancing positive
problem solv- adjustment (Cohen
ing; cognitive d=0.82, P<.001)
therapy; en- from baselineto 12
hancing sup- months.
port net-
works).
« Asingleses
sion of nurse-
led self-man-
agement inter-
vention.
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Reference

Study type

Interferenceobjects  Sample (example,
TIC)

Intervention and
groups

QOutcome indica
tors; evaluation
time

Results

Mosher et al [19]

Kubo et a [20]

Biliunaiteet al [21]

RCT

2-am RCT

2-am RCT

Patients with lung
cancer and their
family caregivers

51 pairs/55 pairs

Patientsundergoing  Patients: 54/43;
cancer chemothera-  caregivers. 17/14
py and caregivers

Caregiversof indi- 31/32
viduaswith demen-
tia, cancer, or other

illnesses

Psychologists
and clinical
socia workers
delivered the
TSMEinter-
vention to par-
ticipantsvia
telephone,
with 4 weekly
sessions.

TSM compo-
nentsinclud-
ed: relaxation;
cognitive re-
structuring;
problem-solv-
ing; self-
soothing/emo-
tion-focused
approach;
pleasant activi-
ties; activity
pacing; com-
munication;
planfor contin-
ued skills
practice.
Education or
support

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
canaso
choose 10 to
30 days of re-
lated symp-
tom or medita
tion courses.

uc'

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

Primary outcomes:
mindfulness and
quality of life; sec-
ondary outcomes:
distress; posttrau-
matic growth; fa-
tigue; deep quality;
2-time point evalua-
tion (pre-post).

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

Headspace signifi-
cantly improved
mindfulness
(P=.03) with border-
line significant ef-
fectson PTGI? new
possibilities
(P=.06) versuscon-
trols
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Reference Study type Interferenceobjects Sample (example,  Intervention and Outcome indica- Results
TIC) groups tors; evaluation
time
o  Therapistsim- Primary outcome: ICBT showed large
plementedan  cp|M: secondary  €ffectson burden
8-week ICBT 5 tcomes: depres- reduction (P<.001)
program sion, anxiety, and stress (P<.001),
through the stress, and QoL ; 2- moderate effectson
Slaugau Arti- - time point evalua-  axiety (P=.004)
mawebsite.  jon (pre-post). and depression
. ICBT:intro- (P=.01), and signif-
duction; icant QoL enhance-
thoughts; ment (P=.001).
stressand re-
|axation; prob-
lem solving;
communica
tion; anxiety;
behavioral ac-
tivation; and
mai ntenance.
. UuC
Luoet al [22] RCT Parents of children 52/51 o Psychologists, Primary outcome:  Atthe6-monthfol-
diagnosed with doctors,and  resilience; sec- low-up, the inter-
cancer nursesimple- ondary outcomes:  vention demonstrat-
mented the 8- depressivesymp-  ed statistically sig-
week amobile tomsand QoL; 3-  nificant improve-
devicebased timepoint evalua= mentsin resilience
resilience tion (pretreatment, (P=.01) and depres-
trainingpro- 2 and 6 monthsaf-  sive symptoms
gram. ter the intervention (P=.04), but failed
. Reslience began). to show significant
training pro- QoL enhancement
gram: under- (P=.38), dthough
standing the the experimental
purpose of in- group showed nu-
tervention, re- merically higher
|axation tech- QoL scoresthan
niquetraining, controls.
problem-solv-
ing skills, cog-
nitive restruc-
turing, promot-
ing good rela
tionships, and
cultivating
positive perfor-
manceand be-
liefs, etc.
. UuC
Wakefield et al 3-arm RCT Parents or care- 19/18/19 Feasibility; accept- Most Cascade par-
[23] givers of children ability; safety; effi-  ents were satisfied
cacy (QoL; psycho-  and reported experi-
logical outcomes);  encing benefits
4-timepointevalua-  from the program.

tion (baseline, 2 -
4 weeks post-inter-
vention; 2 - 4
weeks post-booster
and 6 months
postintervention).

However, Cascade
did not improve
their main out-
comes, including
parents’ quality of
life, depression and
anxiety.
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Reference

Study type

Interferenceobjects  Sample (example,

T/C)

Intervention and
groups

QOutcome indica
tors; evaluation
time

Results

Trevino et a [24]

Kaiser et al [25]

RCT

RCT

Older adults with
cancer and their
caregivers

14 pairs/14 pairs

Caregiversof can-  44/43

cer bereavement

Psychologist-
delivered on-
line interven-
tion.

Cascade: intro-
duction and
behavioral ac-
tivation; identi-
fying and
challenging
unhel pful
thoughts;
mindfulness
and disengage-
ment; skills
for fostering
relationships
and living a
rich life after
cancer; boost-
er session.
Peer-support
or waitlist.

Social work-
ersprovide 7-
session over
the telephone.
MAC": thisin-
cludesprovid-
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 thein-
tervention pro-
cess.

uc

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

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 reductionin
anxiety than dyads
in usual care with
smaller changesin
depression and
quality of life.
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Reference Study type Interferenceobjects Sample (example,  Intervention and Outcome indica- Results
TIC) groups tors; evaluation
time

o Caregivers Primary outcome:  ICBT reduced
completed 2 prolonged grief; symptoms of pro-
self-scheduled  secondary out- longed grief (Co-
45-minute comes:. depression, hen d=0.80;
writing ses- anxiety, posttrau-  P<.001) to aclini-
sionsweekly  matic stress, post-  caly significant ex-
viaawebsite. traumatic growth, tent. It had favor-

. ICBT:10 somatization, sleep  able effects on de-
structured quality, and mental pression, anxiety,
writing tasks, and physical hedlth; posttraumatic
3 modules 5-timepoint evalua-  stress, posttraumat-
(self-con- tion (baseline, post-  ic growth, and
frontation; treatment, and 3 - overall mental
cognitive 6-12 months). health but not on
reappraisal; somatization, sleep
and social quality, or physical
sharing). health.

o Waitlist

Yang et a [26] RCT Patientsundergoing 53 pairg/53 pairs  «  Psychological Thepatients diss  ICBT significantly
cervical cancer counselors tressand QoL; 2-  reduced the detec-
chemotherapy and andnursesde- timepoint evalua-  tionrate of psycho-
their spouses liveredan 8- tion (pre-1 month  logica distress

week ICBT after intervention).  (P<.05) and im-
program proved quality of
through life (P<.01) among
WeChat (Ten- patients.

cent) public

platform and

offline group

sessions.

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

. UuC

Carr et a [27] Mixed research Caregiversof a 23 quantitative cas- Primary outcome:  Although the

phase 1 oncology
trial patient

es, 5 qualitative
cases

acceptability and
feasibility; sec-
ondary outcomes:
caregiver distress;
caregiver burden;
PACK; caregiver
grief; anxiety and
depression; 2-time
point evaluation
(pre-post).

P1CaLL' 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.
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Reference Study type Interferenceobjects Sample (example,  Intervention and Outcome indica- Results
TIC) groups tors; evaluation
time

« Clinician-ad-
ministered
telephonein-
tervention
comprised 4

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

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

« CBT:introto
CBT-tracking
automatic
thoughts;
identifying
distorted
thoughts; chad-
lenging distort-
ed thoughts;
core beliefsor
rel apse preven-
tion

Wang [14] Quasiexperimental  Caregiversof pa-  38/38 o  Physicians Careburden, antici- 1CBT demonstrated
study tients with cancer andnursesad- patory grief, and significant efficacy
ministered self-efficacy; 3- in reducing care-
ICBT through timepoint evalua-  givers’ anticipatory
awebsiteand tion (pretreatment, grief levels
WeChat posttreatment 6-12  (P<.001), alleviat-
groups, includ-  weeks). ing caregiving bur-
ing twice- den (P<.001), and
weekly digital enhancing self-effi-
content and cacy (P<.001).
monthly peer
support video
sessions.
. |ICBT: basic
knowledge;
symptom edu-
cation; com-
mon knowl-
edge of home
care; relax-
ation training;
social support
. UuC

3 CBT: internet-based cognitive behavioral therapy.
bcco: cancer coping online.

QoL : qudlity of life.

9RCT: randomized controlled trial.

©TSM: telephone-based symptom management.
fuc: usual care,

9PTGI: posttraumatic growth inventory.
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hcB: caregiver burden inventory.

IMAC: managing anxiety from cancer.

icBswm: cognitive behavioral stress-management.
Kpac: positive aspects of caregiving.

'P1CaLL: Phase 1 Caregiver LifeLine.

Intervention Content

Theincluded studiesincorporated the following key components
intheir 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
mal adaptive 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: atotal 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: atotal 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.

Behaviora 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: atotal of 4 studies[18,19,21,22] trained caregiversin structured problem-solving. Participants|earned 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: atotal of 5 studies[17,19,21,23,27] addressed communication dynamics, exploring how caregiving rolesinfluenced 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: atotal of 3 studies [17,21,26] concluded with areview phase, summarizing key concepts
and reinforcing long-term skill retention. Caregiverswere guided in self-directed practice, god 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 typicaly 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].

Thereviewed literaturerevealed 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 paralel or joint
therapeutic sessions. Both models demonstrated effectiveness

https://cancer.jmir.org/2025/1/e67131

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 modalitiesincluded web-based platforms
(417, 57%) studieswith real-time psychol ogist support or email
feedback [14,17,20-22,25,26], tel ephone 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 I ndicator s and Effectiveness Evaluation of
Interventions

ThelCBT interventions eval uated 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 sdlf-efficacy (n=3 studies[14,19,23]).

Feasibility

Feasibility was assessed based on recruitment, retention, and
completionrates. Intotal, 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 suggeststhis
discontinuation pattern may result from both the lack of
personalized engagement in digital interventionsand 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 trestment,” 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 a [27] significantly improved caregivers
stress coping abilities (effect size r=0.39), while 2 other trials
[14,21] reported statistically significant reductionsin 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-Trauertherapi€”’) by
Kaiser et a [25] producing effect sizes ranging from 0.29 to
0.84 across multiple psychological domains. Notably, Trevino
et a [24] found patient-caregiver anxiety changes were
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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

Theincluded studies reported mixed effects on caregiver’s QoL .
A total of 4 trials [17,20,21,25] demonstrated statistically
significant QoL improvementsfollowing 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

Thisstudy examinesthe existing research on ICBT interventions
for caregivers of patients with cancer. A systematic review of
12 €ligible 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 a [30]
observed high satisfaction and enhanced well-being among
dementia caregivers following ICBT. Similarly, Tur et al [31]
documented strong participant satisfactioninan ICBT program
for prolonged grief disorder, with 75% of participants achieving
clinicaly 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
alonger time to manifest compared with behavioral or mental
health changes. In addition, multiplefactors, 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 challengeswere evident, with asubstantial
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 assessmentsto identify
and support at-risk caregivers.

Population Specificity and M ethodological 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 improvetheir
QoL. This reciproca relationship reflects how caregivers
comprehensive support impacts patients' recovery and emotional
state, while patients' conditions similarly affect caregivers
wellbeing. Li et a [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, parti cipants 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 I ntervention Content and Delivery Formats

Effective intervention design must prioritize both engagement
and usability through personalized support programsthat 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 studiesincorporated
preintervention assessments. These preliminary modules should
systematically collect caregiver characteristicsto informtailored
recommendations, which could significantly improve both
participation rates and intervention adherence. Establishing such
foundational elements represents an important direction for
future research devel opment.

The caregiving role often generates substantial psychological
burdens, stemming from challenging roletransitions, difficulties
adapting to medical environments, and the inherent stress of
managing a loved one’s illness. Compounding these issues,
caregivers freguently suppress their emotions and neglect
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self-care, resulting in diminished QoL [37,38]. Research by
Zhang et a [39] demonstrates that targeted interventions
incorporating relaxation training can yield multiple benefits,
such as regulating neuropsychological functions, aleviating
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
deep) [20,25], no significant improvements were observed,
possibly dueto differing intervention focuses. However, Shaffer
et a [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 deep, anxiety, and depression
in patients with insomnia . Future research should develop
symptom-specific interventionstailored to caregiversto 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 caregiverswith limited digital literacy, technical assistance
and age-friendly design features (eg, larger subtitles and
enhanced visibility) are essential [43]. Whilevideo 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

Thisreview acknowledges severa limitations. First, theincluded
studies exhibited significant variability in intervention measures,
participant characteristics, sample sizes, and outcomeindicators,
potentially limiting the generaizability 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 isimperative to establish adedicated
support team composed of oncologists, nurses, and
psychotherapists. Oncologists can build trust with patients and
caregivers, promoting engagement and addressing mal adaptive
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.
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Abstract

Background: Home-based hospice care offers patientswith terminal cancer the comfort of receiving carein afamiliar environment
while enabling family members to provide personalised support. Despite the critical role families play, the literature remains
underexplored interms of their experiences, needs, and perceptions. A robust qualitative synthesisis 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 caregiversin home-based hospice care for patients with terminal cancer. The goal isidentifying
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. Datawere 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 Asiaand 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, potentia 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 careteams—isvital 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

(IMIR Cancer 2025;11:€71596) doi:10.2196/71596
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Introduction

Background

Palliative careis an active, holistic approach aimed at relieving
severe or chronic suffering and enhancing the quality of lifefor
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 remainsthe 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,
especialy during the end-of-life phase [5]. Terminal cancer
typicaly 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
Ssymptom management, holistic nursing care, and psychosocial
and spiritual support tailored to individual family needs[9,10].
The popularity of home-based hospice careisincreasing dueto
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 aso contributed to the rising demand for
home-based hospice services[15].

Family caregiversare 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 mora 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 homeis deeply rooted in
filial piety, emphasizing familial responsibility and moral duty
toward elders [16,17]. Understanding caregivers culturaly
influenced experiences, attitudes, perceptions, and unique
support needsis essential for effectiveand 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
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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 overal 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 thiscritical phase of
theillnesstrajectory.

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-synthesiswas 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
gualitative 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

| dentifying appropriate studiesis crucial in alignment with step
2 of the Mgor and Savin-Baden [19] approach. Essential
components in this identification processinclude (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].
Theinclusion criteriawere asfollows: (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
asfollows: (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 criteriaare outlined in Multimedia Appendix 1.

I nformation Sources

We searched 5 electronic databases—Scopus, Embase,
MEDLINE, CINAHL, and PsycINFO—from inception until
March 14, 2025. These databaseswere 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 theterms according to each database’s specifications.
Thisinitial step helped us develop effective search strategies,
become familiar with the terminol ogy, and conduct preliminary
searches. We then consulted a subject librarian to further refine
these search terms and strategy. Subsequently, aformal 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 PIc) [26] to import articles and find
duplicates. Subsequently, thetitles and abstracts of theimported
articleswere screened for relevance using RAY YAN [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.

https://cancer.jmir.org/2025/1/€71596
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Data Extraction

As the third step of Magor 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]. Al
discrepanci es between the 2 investigators were resol ved 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 M ethods

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 factorsinfluencing implementation. Thematic
synthesis integrates findings from primary studies to identify
prominent or recurrent themes within the relevant literature.

Intheinitial 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 anaytica 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. Thefinal processand 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 M easurement

After generating the analytical themes, afurther quality appraisal
stage using the GRADE-CERQual (Grading of

Table. Evidence profile table.
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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.”

Major theme and summarized re-
view finding

Methodological Coherence
limitations

GRADE-

CERQual®as-
sessment of con-
fidence

Relevance References

Adequacy

Being physically and emotionally present

« Beliefthat Noor very mi-
homepadlia nor concerns
tive care
provides
better care
than hospi-
tals

o  Commit-
ment to
care at
home

o  Cultura
and moral
obligations

o Pesondre
flections
and chal-
lenges

No or very mi-
nor concerns

Sharing responsibilities

«  Challenges
in caregiv-
ing

o  Forma sup-
port needs

o Informal
support
needs

No or very mi-
nor concerns

No or very mi-
nor concerns

Minor concern ~ Minor concerns  High confidence [16,31-34]

No or very mi-
nor concerns

Minor concerns  High confidence [16,31-34]

3GRADE-CERQual: Grading of Recommendations Assessment, Development, and Eval uation-Confidencein 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 methodol ogy,
which is closely related to the quality of the results [36]. Our
assessment indi cated that the findings were supported by articles
with no to very minor concerns regarding methodological
limitations.

https://cancer.jmir.org/2025/1/€71596

The coherence assessment measures the relevance of the data
from the included studiesto the review findings[37]. Based on
key findings extracted from theincluded 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
guantity 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 rel evance by eval uating 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.
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Study Albert et a [33] Milberg and Strang Hull [32] Leeetal [16] Barlund et al [31]
[34]

Setting Malaysia, palliative Sweden, hospital-based  United States, com- Taiwan, hospice home  Norway, municipali-
care center, KotaKina- home care bined hospice program,  care, northern Taiwan  ties, Ferde Central
balu, Sabah home care Hospital, Sogn og

Fjordane

Aim To explorethe suffer-  To describeand inter-  To explore hospice To examine family ex- Toexplorefactorsinflu-
ing experienced by pret comprehensibility home care experiences periences and needs encing caregivers
Malaysian family and managesbility expe-  and perceptions of when providing hos-  sense of security and
memberscaring for pa-  riences of informal family caregivers of picehomecaretoolder facilitators for home
tientswith advanced  caregiversof advanced dying relatives. adults with terminal deaths among dying
cancer nearing end-of-  patients with cancer in cancer. patients with cancer.
life. palliative home care.

Sample First-degreerelatives ~ Primary caregiversat  Primary home care- Caregivers of patients  Parents, children, or
living with patients; home of patientswith  givers; adultslivingat with advanced cancer  spouses of deceased
primary caregiversfor  cancer receiving hospi- home (with/without receiving homehospice patients with cancer
>8 hours/day tal-based home-based  patient responsibili- care

palliative care ties); adults living out-
side home with regular
care duties

Method Purposive sampling; Maximum variation Conveniencesampling; Consecutive sampling;  Purposive sampling;
semistructuredin-depth  sampling; semistruc-  semistructured inter-  in-depth semistructured  semistructured in-depth
interviews; thematic  turedinterviews; quali- viewsandfieldobserva-  interviews; qualitative  interviews; thematic
analysis tative hermeneutic ap-  tion; thematic analysis inductive content anal- analysis

proach ysis
Key findings o  Empathic suffer- «  Comprehensibili- «  Confrontingreai- . Hopingforcure: «  Personal factors

ing: Witnessing

functional de-

cling; fear of dis-

comfort; recelving

bad news; duties.
« Powerlessand

hopeless suffering
«  Predictive suffer-
ing
o Compliancesuffer-
ing: Burden of

caregiving and so-
cia

o Barriers wrath:
Patient-related
barriers; family-
related barriers;
health care—relat-
ed hurdles.

ty: Congruent in-
ner reality
through open in-
formation, sym-
bols, basiclifeas-
sumptions, previ-
ous knowledge

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

ty: Acute health
changes, physi-
cian prognosis,
treatment refusal.
e Surveying op-
tions: Gathering
and reviewing a-
ternatives, clarify-
ing values, learn-
ing about hospice.
e Immersion: Disen-
gaging from other
tasks, shifting pri-
orities, acquiring
patient care skills.
« Refocusing

Concealing diag-
noses from pa-
tients; expecta
tions for pro-
longed life.

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

«  Accepting death:
Fulfilled duties,
acceptance.

o  Perceptionsof a
good death:
Smooth, painless,
peaceful.

«  Needs: Emational
support, informa-
tion.

« Hedthcareprofes
sionas

o Organizational
factors

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 partici pants 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 conflictsof interest or funding has been maintained

throughout the study.
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Positionality Statement

The reviewers overseeing the analysis and synthesis process
(VL and WWST) are experienced qualitative researchers. The
initial drafting, coding, and synthesiswere primarily conducted
by 2 researchers (XM D 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, challengeinterpretations, 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. Thisincluded 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,
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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. Finaly, 5 full-text
articles met the eligibility criteria. The result of the selection
processis presented in Figure 1.
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Figurel. PRISMA (2020) flowchart of search resultsand study selection. PRISMA: Preferred Reporting Itemsfor Systematic Reviewsand Meta-Analyses.
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Study Char acteristics

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: Mdaysia(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
groupsof 12to larger caregiver cohorts of up to 44 participants.
Most studies involved between 12 and 19 participants, while
one study included asubstantially 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 caregiversof individualswith 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 dlightly 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
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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, asthe qualitative portion wasclearly
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 becauseit provided
findings that remain relevant and fit well within the overall
research context. Despite being published over 30 yearsago in
1989 [32], the foundational concepts and findings still offer
valuable insights into home-based hospice care and address
aspectsthat are not sufficiently covered by more recent studies.
The incluson 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 subthemesthat 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.
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Synthesis of findings

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 ahigher standard of care than
what was offered in the hospital, where they observed their
dying relatives being treated more as objects than asindividuals
with dignity. One participant expressed this sentiment: “When
my dad was in the

hospital, they bathed him, fed him, and gave him hismeals, and
hejust lay there. After these, nobody bothered him, nobody did
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Caregivers’
experiences, needs,
and perceptions

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, a64-year-old daughter
noted: “It didn’t take long to learn how to care for Mum. Being
amother and awife, it was easy enough to pick up those skills,
so therewere no problems. | 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. | 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 thistheme: a sense of togetherness,
afamily 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 | was out front talking to aneighbour. | kept my
littlewalkie-talkiewithmeso | could always keep tabson him”
[32]. Being at home symbolized the caregivers commitment
to staying closeto the patient in the home they had built together
and filled with memories, despite the good or bad times. One
participant poignantly remarked:

Thisis our home, and thisis 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 havethat careaslong asit’sneeded. This

is where she belongs. This is her life's work. We

raised our family here for 38 years. | lived through

the good years; now | want to live through the bad.

What's one bad year out of 477 [32].
A Family Responsibility
From a cultural perspective, caregiving is a natural extension
of one’'s commitment to loved ones and amoral 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, thereis astrong 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. Asone son expressed: “We will not have regretsif our
father dies tomorrow...We believe we demonstrated the value
of filial piety as much as we could by taking good care of him
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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 illnesswhile 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. | 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 theillness might cause
them to give up on life [16]. In Maaysia, 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: “| do not want
him to see me crying. | want him to be happy. | know that | am
the only one next to him. If | were there with a sad feeling...|
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 isessential to recognizethat family caregivers
often require various types of support. This theme was further
supported by 2 subthemes: support from apalliative 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 confidencein providing carefor their loved ones
a 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 | said | can't take care of such
things. But they said it was very easy to learn how to
use it. ‘No, | said. ‘I can't take that
responsibility’... Then the dietician came and said, ‘It
isso easy! | felt | was going to beill because | could
not do this. (Sghs) And later on that afternoon, | had
diarrhoea. | was not feeling well and was terribly
worried...Then the palliative doctor came, and hewas
almost like an angel. He presented all the things the
palliative home care team could offer. And then | 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.

JMIR Cancer 2025 | vol. 11 | €71596 | p.94
(page number not for citation purposes)


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

JMIR CANCER

This interaction gave caregivers confidence and security,
reassuring them that they appropriately fulfilled their caregiving
role. Caregiverswelcome palliative care nurses or coordinators,
as one participant reported:

“ 1t 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 adignified end-of-life
experience. As one son reflected:

“1 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 acrucia role
in supporting family caregivers who provide care for patients
with terminal cancer. Infamilieswith children, caregiverswere
glad to share their responsibility with their offspring, viewing
it as an expression of filial piety. One participant said:
“1 was glad to see my son helping me care for his
dad...I thought that if I’ m sick someday hewould 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
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government organizations. The emotional and physical toll of
caregiving can be overwhelming, as one participant poignantly
expressed:

“1 declined the offer of attendance allowance; |
wanted another sister to do this. | didn’t want to be
aloneinthis[ie, follow the patient in the last phase] .
| wanted more people to be involved because | had...
(Sghs) | had been doing thisalonefor solong” [31].

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

Quality Appraisal of Included Studies

The methodol ogical quality of theincluded studieswas 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 rel ationship 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 resultsis presented in Table 3.
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Table. Quality appraisal of theincluded studies using the Critical Appraisal Skills Programme (2019).

Albert et a, 2022 [33] Milberg and Strang,

2004 [34]

Hull, 1989 [32] Leeet al, 2014 [16] Barlund et al, 2021

(31]

Wasthereaclear state-  + +
ment of the aims of the
research?

Isaquditative + +
methodol ogy appropri-
ate?

Wastheresearchde-  + +
sign appropriate to ad-

dress the aims of the

research?

Was the recruitment + +
strategy appropriate to

the aims of the re-

search?

Wasthe datacollected + +
inaway that addressed
the research issue?

Has the relationship + +/—
between researcher and
participants been ade-

quately considered?

Have ethical issues + +
been takeninto consid-
eration?

Wasthe dataanalysis + +
sufficiently rigorous?

Isthereaclear state-  + +
ment of findings?

Isthe research valu- + +
able?

Total points 30 29

+ + +

+/—

+/— +/— +

29 29 29

Confidence of Evidence

Two major themes emerged from the thematic synthesis: (1)
being physically and emotionally present and (2) sharing
responsibilities. Both themeswere 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 methodol ogical limitations, coherence, and adequacy,
with minor concerns regarding relevance, given the partia
relevance of 2 included studies that covered broader contexts
beyond home-based care. These results demonstrate robust
qualitative evidence refl ecting the experiences, perceptions, and
needs of family caregivers in home-based hospice care for
patients with terminal cancer.
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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 theimportance of formal
and informal support systems. Thesethemesreflect 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 aign with previous research highlighting family
caregivers essential role in delivering compassionate and
dignified end-of-life care [40]. The emotiona dedication
caregivers demonstrate, often deeply embedded in cultural
expectations such as filial piety, confirms existing literature
emphasizing the profoundly persona 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 asignificant gap
in integrating these support systems, leaving caregivers
vulnerable to isolation and overwhelm.

Strengths and Limitations

The strength of thisreview includesthe rigorous methodol ogical
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, thisreview 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 theincluded studies and potentially affecting the
generalizability of thefindings[42]. Second, despite the growing
global reliance on family caregiversin 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
studiesinclude 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 researchinthisarea
[44]. Third, the retrospective nature of some studiesintroduced
a potential recall bias, affecting the accuracy of reported
experiences. Thiscould 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
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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 foundationa insights,
which remain relevant to the current practice context. Future
research should emphasize more recent publications to aign
closely with contemporary practices and emerging evidence.

Future Directions

The findings indicate severa avenues for future research and
practice. Thereisaclear need to develop and eval uate culturally
sensitive interventions tailored to both forma and informal
caregiver support needs. I nitiatives should aim to bridge existing
gaps in caregiver support through integrated services that
dleviate 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 memberswho support them remains
neglected in literature and daily practices. Theresults highlight
both the emotional rewards and daunting challenges caregivers
encounter and point to the need for systemic, culturaly
competent strategiesto support this population. By bridging the
gaps within formal and informal support systems and
encouraging open communication, these health care providers
can enable caregiversto maneuver their roles effectively. These
findings present critical implicationsfor the delivery of hospice
careastheworld learnsto 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
caregiversin home-based hospice carefor patientswith 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 resultsfall outside the normal range. Some prediction modelsincorporate 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 arandom-effects meta-analysis of the c-statistic for atrends-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: Weincluded 16 articles, with atotal of 7 models devel oped 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 X GBoost, decision trees, and random forests. The number of blood test trends
included in the models ranged from 1 to 26. A tota 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 trendsin the FBC was commonly externally validated,
with apooled c-statistic=0.81 (95% CI 0.77-0.85; n=4 studies) for 6-month colorectal cancer risk. Modelswere 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 ahigh risk of biasin 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:e€70275) doi:10.2196/70275
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blood test; hematol ogic tests; trend; prediction model; primary health care; cancer; neoplasms; systematic review
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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 aminority 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 performedin clinical practice, including
full blood count (FBC) and liver function tests, are often
included in cancer risk prediction models, as they have an
important rolein risk-stratifying symptomatic patientsfor 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]. Inthe United Kingdom, the National Institutefor Health
and Care Excellence (NICE) suspected cancer guidelines
recommend referral for urgent investigation if low albumin,
low hemoglobin, raised platel ets, 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 asthe results appear
normal. Our recent systematic review on the association between
blood test trends and cancer diagnosis identified many trends
that havethe potential toimprove 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 alow for the
development of dynamic prediction models, which incorporate
repeated measuresdatafor 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
trendsin blood tests commonly usedin primary carefor therisk
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 thisreview [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

https://cancer.jmir.org/2025/1/€70275
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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 trendsin 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-groupingsand 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 (OV D) (1974-present) databases
were searched frominception to April 3, 2025 to identify articles
that report on the association between trends in blood tests
commonly availablein clinical practice and a cancer diagnosis.
Theinitia search was conducted in June 2022, with afull 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 termsincluded “tumor” and “ cancer” . However,
some cancers are not usually paired with these terms, such as
“leukaemid’ 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 (EMBA SE) in Multimedia A ppendix
1. In the €ligible 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 referencesinitially 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 initialy 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 | east one predictor in the model was ablood
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)

Table. Blood testsincluded in this review.

Virdee et a

blood teststhat are commonly availablein primary care settings.
Recent evidence highlighted trends in many of these common
testsasrisk factorsfor cancer diagnosis[13]. Using these blood
tests provides an opportunity to use commonly available data
to support cancer detection.

Blood test

Blood level

Full blood count

Liver function tests

Renal function
Inflammatory markers

Other tests

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 %

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

Sodium, potassium, creatinine, urea
C-reactive protein, erythrocyte sedimentation rate, plasma viscosity

Amylase, HbA 1.3, calcium, calcium adjusted, total protein, blood glucose,
fasting glucose, thyroid stimulating hormone

8HbA 1 hemoglobin Alc.

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 i ntervention were excluded to reduce
the influence of treatments on blood test data. Existing
systematic reviews, correspondence, and case studies pertaining
to<5individualswere excluded. Non-English full-texts without
English versions avail able or nontrandlatable were excluded.

Data Extraction

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

Data Analysisand 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
areaunder the curve) for prediction modelsexternally validated
by at least 3 studies. The T2 statistic was used to describe

heterogeneity and 12 statistic to assess the proportion of
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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 areviewer
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 Sharmaet a [30]).
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Figurel. 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
MultimediaAppendix 1. Of the 16 studies, acase-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 dataand 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. Therewere
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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 patientswithout
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 amean 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.

Modéel Building Strategy

Characteristics of the 7 models are in Table 2. A total of 4
model s (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].
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Table. Characteristics of 7 trend-based prediction models for cancer diagnosis.
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Article Country Model (name, Outcome Outcomerisk Patient setting Blood level(s) Number of Predictorsin
if assigned) window trend cases/total the final mod-
e
Gould et al United States MES Nonsmall cell  Diagnosis Other —in- ALT? creati- 3942/117669  Age, sex, edu-
[23] of America lung cancer suredindividu-  pine blood cation, race,
as glucose, mari IEal st;tus,
b smoking sta-
:\J/Ilact:ggs tus, smoking
pack year,
RDW?C, wBC smoking
years, smok-
ing intensity,
days since
quitting, Hospi-
talization due
to COPD and
allied condi-
tions, Diagno-
sisof COPD
and dllied con-
ditions, Hospi-
talization due
to Cancer, Di-
agnosis of
Cancer, ALT,
Creatinine,
Glucose,
MCHC,
Platelets,
RDW, WBC
Kinar et a Israel ColonFlag Colorectal 3-6months  Primary care  Rpce 2437/466107 RBC,
[27] cancer hemoglobin, hemoglobin,
hematocrit, hematocrit,
Mcv', MCH?, mg\ﬁcM cH.
MCHC, RDW '
RDW, !
platelets,
platelets, MPV, WBC,
MPV", WBC, basophil#, ba-
basophil#, ba- sophil%,
sophil%, eosinophil#,
eosinophil#, eosinophil %,
eosinophil %, lymphocytet,
lymphocytet, lymphocyte
lymphocyte %, mono-
%, mono- Cyte#‘ mono-
cyte#, mono- cyte %, neu-
cyte %, neu- trophil#, neu-
trophil#, neu- trophil %, age,
trophil % sex
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Article Country Model (name, Outcome Outcomerisk  Patient setting Blood level(s) Number of Predictorsin
if assigned) window trend cases/total the final mod-

el

Readetal [28] United States Logistic mod- Gastrointesti- 6 months Primary care RBC, 1025/148158  Age, sex, race,

of America e nal cancer hemoglobin, BMI, RBC,
(esophagus, hematocrit, hemoglobin,
stomach, smdll MCV, MCH, hematocrit,
intestine, MCHC, MCV, MCH,
colon, rectum, RDW, MCHC,
or anus) platelets, RDW,
MPV, WBC, platelets,
basophil#, ba- MPV, WBC,
sophil %, basophil#, ba-
eosinophil#, sophil%,
eosinophil %, eosinophil#,
lymphocyte#, eosinophil %,
lymphocyte lymphocytet,
%, mono- lymphocyte
cyteft, mono- %, mono-
cyte %, neu- cytet, mono-
trophil#, neu- cyte %, neu-
trophil % trophil#, neu-
trophil %,
most recent
BMP (8 com-
ponents)

Readetal [28] United States Machine Gadtrointesti- 6 months Primary care  RBC, 1025/148158  Age, sex, race,

of America learning mod- nal cancer hemoglobin, BMI, RBC,

e (esophagus, hematocrit, hemoglobin,
stomach, smdll MCV, MCH, hematocrit,
intestine, MCHC, MCV, MCH,
colon, rectum, RDW, MCHC,
or anus) platelets, RDW,

MPV, WBC, platelets,
basophil#, ba- MPV, WBC,
sophil %, basophil#, ba-
eosinophil#, sophil %,
eosinophil %, eosinophil#,
lymphocyte#, eosinophil %,
lymphocyte lymphocytet,
%, mono- lymphocyte
cyte#, mono- %, mono-
cyte %, neu- cyte#t, mono-
trophil#, neu- cyte %, neu-
trophil % trophil#, neu-
trophil %,
most recent
BMP (8 com-
ponents)
Sharmaeta  United States  gnppAC Pancreatic 3years Unclear Blood glucose 16/256 Changein
[30] of America cancer weight,
changein
blood glucose
category, age,
changein
blood glucose

Virdee et a United King- BLOOD- Colorectal 2years Primary care Hemoglobin,  677/246695 Age,

[31] dom TRACC Col- Cancer MCV, hemoglobin
orectd (fe- platelets trend, MCV
males) trend, platelets

trend
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Article Country Model (name, Outcome Outcomerisk  Patient setting Blood level(s) Number of Predictorsin
if assigned) window trend cases/total the final mod-
e
Virdee [31] United King- BLOOD- Colorectal 2 years Primary care Hemoglobin, 865/250716 Age,
dom TRACC Col-  cancer MCV, hemoglobin
orectal (males) platelets trend, MCV
trend, platelets
trend

8ALT: alanine aminotransaminase.

BMCHC: mean cell hemoglobin concentration.

CRDW: red blood cell distribution width.

dWBC: white blood cell count.

®RBC: red blood cell count.

*MCV: mean cell volume.

9MCH: mean cell hemoglobin.

PMPV: mean platelet volume.

'ENDPAC: enriching new-onset diabetes for pancreatic cancer.
IBLOODTRACC: 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 rel evant
predictors that were commonly available in practice [31], 1
(14%) included statistically significant variablesin univariable
analysis [30], and the model building process was unclear for
1 (14%) model [23]. To address missing blood test data, 2 (29%)
model s derived missing blood levelsfrom 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
dataas-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 testsif 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 testsand 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%) modelsto 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, Sharmaet a [30] calculated

https://cancer.jmir.org/2025/1/€70275

the difference between blood tests measured at 18-3 months
before new-onset diabetes and included thisin their model, and
Virdee et al[35] included the changein dlope across all available
blood tests (median=3 per patient) sporadically measured over
5yearsto 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 $4 in Multimedia
Appendix 1 for further details.

A total of 6 models (86%) used combinations of blood test
trendsand 1 model (14%) used trend in asingle blood test (plus
with other patient data) to predict cancer risk. Thelogistic model
and random forests model by Read et al [28] combined trends
in 28 blood tests Kinar et a [27]. combined trendsin 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%) modelswere 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%) modelswere 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 coefficientsfrom their logistic
model and Sharma et a [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 devel oped using X GBoost, 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
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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.
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Article Model Outcomerisk  Overall performance Discrimination Calibration
e/descrip-  wind
ik Method Result Method Result (95%  Method Result
Cl)
Internal validation
Gouldeta MES 3-6months No AUC/C-stetis-  0.870 I sotonic regres-
[23] tic (0.856 - sion
0.886)
Gouldeta MES 6 - 9months No AUC/C-stetis-  0.862 No
[23] tic (0.845 -
0.878)
Gouldet MES 9 - 12months No AUC/C-stetis-  0.856 No
al [23] tic (0.840 -
0.872)
Kinaretal  ColonFlag 1 month No AUC/C-stetis-  0.84 No
[27] tic
Kinaretal  ColonFlag 3-6months No AUC/C-statiss  0.82 Hosmer- P=.47
[27] tic Lemeshow
test
Readetal  Logigticregress 6 months Brier score 0.008 AUC/C-statis-  0.711 (0.691- No
[28] sion tic 0.731)
Readeta  Machine 6 months Brier score 0.092 AUC/C-stetiss  0.713(0.689- No
[28] learning (ran- tic 0.737)
dom forest)
Virdeeeta BLOOD- 2 years Brier score 0.0028 AUC/C-stetis-  0.763 Calibration 1.05
[35] TRACCa Col- tic (0.753 - slope
orectal (fe- 0.775)
males)
Virdeeeta BLOOD- 2 years Brier score 0.0033 AUC/C-statis-  0.751 Calibration 1.06
[35] TRACC Col- tic (0.739 - slope
orectal (males) 0.764)
External validation
Aylingeta ColonFlag Diagnosis No No No
[19]
Aylingeta ColonFlag 6 months No No No
[20]
Birksetal  ColonFlag 3-6months No AUC/C-statis-  0.844 No
[21] tic (0.839 -
0.849)
Birkseta  ColonFlag 6 - 12 months No AUC/C-dtatis-  0.813 No
[21] tic (0.809 -
0.818)
Birksetad  ColonFlag 12-24 No AUC/C-gtatis-  0.791 No
[21] months tic (0.786 -
0.796)
Birksetal  ColonFlag 18-24 No AUC/C-statiss 0.776 No
[21] months tic (0.771 -
0.781)
Birksetal  ColonFlag 24 - 36 No AUC/C-statis  0.751 No
[21] months tic (0.746 -
0.756)
Gosheneta ColonFlag Diagnosis No No No
[22]
Hilsdenet  ColonFlag 1year No No No
al [24]
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Article Model Outcomerisk  Overal performance Discrimination Cdlibration
e/descrip-  wind
poneespr WINCoR Method Result Method Result (95%  Method Result
Cl)
Hornbrook  ColonFlag 6 months No AUC/C-statiss  0.80 (0.79 - No
eta [25] tic 0.82)
Kinaretal ColonFlag 1 month No AUC/C-statiss 0.84 (0.82 - No
[27] tic 0.86)
Kinaretal ColonFlag 3-6months No AUC/C-statiss  0.81 (0.80 - Hosmer- P<.001
[27] tic 0.83) Lemeshow
test
Kinaretal  ColonFlag 12-18 No No No
[26] months
Schneider et ColonFlag 6 months No AUC/C-stetis-  0.78 (0.77 - No
al [29] tic 0.78)
Virdeeeta ColonFlag 2 years No AUC/C-statis-  0.761 No
[31](Females) tic (0.744 -
0.768)
Virdeeeta ColonFlag 2 years No AUC/C-statiss 0.762 No
[31] (Males) tic (0.749 -
0.774)
Boursieta gEnppacP 3years No AUC/C-tetis-  0.69 No
[32] tic
Chenetad ENDPAC 3years No AUC/C-stetis-  0.75 No
[33] tic
Khaneta  ENDPAC 4years No AUC/C-statiss  0.72 No
[34] tic
[30] Sharma ENDPAC Diagnosis No No No
et al [30]

3BLOODTRACC: Full blood count trends for colorectal cancer detection.
PENDPAC: enrichi ng 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 Americaand 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 trendsin hemoglobin, mean
cell volume, and platel ets, together with age, measured over 5
yearsin 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

https://cancer.jmir.org/2025/1/€70275

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 studieswere performed intotal 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
inthe 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]. Overal 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 a [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] aso
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 a [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 apredictor from the model
consequently means the external validation isincomplete.

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) (12=0.0016),

Virdee et a

with 99.1% (1% of the heterogeneity attributable to
between-study differences (Figure 2). Our post hoc
meta-analyses including only primary care populations and
nonprimary care popul ations 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 monthsin 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].

Outcome Number C-statistic
Article window Cases/Non-cases (95% CI)
Birks 2017 3-6 months 5935/2478764 i * 0.84 (0.84, 0.85)
Hornbrook 2017 6 months 900/16195 -Oi— 0.80 (0.79, 0.82)
Kinar 2016 3-6 months 5061/20552 -:0— 0.81 (0.80, 0.83)
Schneider 2020 6 months 6019/302702 - i 0.78 (0.77,0.78)
Overall (I-squared = 99.1%) Q 0.81 (0.77, 0.85)
T T
07 0.9

Added Value of Trend

Kinar et a [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 trendin 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
modelsfor 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-,

https://cancer.jmir.org/2025/1/€70275

and five-year risk, reporting higher c-statistics for models
including blood test trends compared to modelsincluding single
blood tests for one- (0.705, 95% CI 0.689 - 0.722 trend and
0.693, 95% Cl 0.675 - 0.710 single) and three-year (0.735, 95%
Cl1 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% Cl 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 biasfor each domainissummarised in Figure 3 and per
study in Table S5 in Multimedia Appendix 1. All 16 studies
scored alow risk of biasin 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 biasfor notincluding 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 patientswith missing datafrom 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.
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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 modelsfor usein 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. M odels were often devel oped 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-L emeshow
test was sometimes used, which isknown 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 focuswasto critically appraise
trend-based prediction models, it isimportant 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 thismodel is commercially devel oped so not publicly
available. Thismodel usestrendsin FBC parameters to predict

https://cancer.jmir.org/2025/1/€70275

a monotonic score confined between 0 - 100, where higher
scoresreflect ahigher likelihood of colorectal cancer diagnosis
[27]. A pooled c-statistic of 0.81 from 4 studies indicates that
trends in the FBC could be generaizable 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
trendin all 20 FBC parametersand 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 atest at each time point, whereasthe
BLOODTRACC modelsuse al available tests over afive-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 devel oped 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 thiswould 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] devel oped two modelsfor gastro-intestinal cance,
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, athough 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, thisis the first review of cancer prediction
models that incorporate blood test trend. We performed a
comprehensive search, devel oped with an information speciaist,
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 EMBA SE 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 unableto draw conclusionsregarding external validity
for many cancer types. One further limitation is that we were
unableto draw conclusionsregarding publication bias, ng
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 Wor k

To date, prediction models for cancer risk are most commonly
developed using single blood test results (plus other predictors).
These include the QCancer modelsfor the 2-year risk of cancer
[43,44] and unexpected weight loss modelsfor the 6-month risk
of cancer [45], which combine patient demographics, symptoms,
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and single blood test values for cancer risk in symptomatic
patientsin UK primary care practices. Collectively, these models
have c-statisticsranging 0.79 - 0.92, comparableto 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 a [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 thisreview,
Kinar et a [27] and Birks et a [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
modelsincorporating trendsfor these cancersin this systematic
review.

Clinical and Research Implications

Thorough testing of prediction modelsisrequired beforeclinical
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 modelsin practice. Assome 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 systemsand usein practice. Future
models should follow appropriate reporting guidelinesto 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 aslogistic 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 longitudina 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 approachesthat requirelarger datasets or are nontransparent,
such as machinelearning. Our ongoing research aimsto 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
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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 patientswith missing datafrom 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 cancersfor which thereisareported prediction
model incorporating changes in repeated blood tests over time
and the cancers and blood testswith no published literature. We
provide an overview of the predictive performance of prediction
modelsincorporating blood test trends and highlight that further
testing is needed for all modelsidentified. Thisreview laysthe
foundation for further research.
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Abstract

Background: Many cancer survivors experience awide range of symptomsclosely 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 wasto explore the efficacy of internet-based mindful nessinterventions 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 el ectronic 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 I? 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 asmall study effect.

Results: Theinitia search yielded 1985 records, of which 13 studies were ultimately included. After treatment, remote-based
mindfulness significantly reduced fatigue (SMD -0.94; 95% Cl: -1.56 to —0.33; P=.002), sleep disturbance (SMD -0.36; 95%
Cl: -0.60t0-0.12; 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 mindful ness showed a statistically significant reduction only
in sleep disturbance (SMD: —0.37; 95% CI: —0.58 to —0.16; P=.0006) after treastment. 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, itsimpact on fatigue, pain,
and physical function may be limited.

(IMIR Cancer 2025;11:€54154) 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 survivorsreceive supportive
carefocused on relieving symptoms at all stages of their illness
[9-11].

Most cancer survivorsfregquently 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 alows 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 affectstheir daily activities
and QoL [14]. Insomniais aso 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 isconsidered 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.

Advancementsin healthcare information technol ogy 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 specidlties, facilitating
interactions through various modalities such astel ephone, email,
video conferencing, online platforms, and remote monitoring
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devices. The rapid growth of remote-based methods has led to
thedelivery of mindfulnessthrough 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 atechnol ogical devicethat ensuresinteractive
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 awebsite 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 physica
limitations, such as cancer survivors. A study conducted by
Schellekens et a 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 eval uated the benefit
of remote-based mindfulness for cancer survivors [29,30], its
focus on physical symptom outcomes remains limited.
Therefore, this study amed to explore the benefit of
remote-based mindful ness interventions on physical symptom
outcomes asaprimary 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

Theinclusion criteriawere 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 communi cation 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
criteriawerethetypesof articles, such ascasereports, 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 I ndex
inNursing 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
“Patientswith cancer” [All Fields]). The detailed search strategy
can be found in Multimedia Appendix 1. In addition, we used
ahand-searched referencelist of the included studiesto 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).
Thefull text of the articles that met the eligibility criteriawere
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 athird
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 Cochranerisk of bias, version 2.0. Three
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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
sizeinthe form of the standardized mean difference (SMD) for
the outcome and the mean difference (M D), with the 95% ClI.
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 criteriawere divided into three categories. low, medium,
and large effects, with values of <0.5, =05, and =0.8,
respectively [33]. Thisreview 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. Theinconsistency index (12) and
subgroup analysisusing the 1> test were used to identify potential

causes of heterogeneity. An I 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 studieswere excluded because of 38 preregistered studies
(eg ClinicaTrias.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].

JMIR Cancer 2025 | vol. 11 | €54154 | p.121
(page number not for citation purposes)


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

JMIR CANCER

Figure 1. Study selection process.
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Characteristics of the Included Studies

The mean age of the participants was <60 years in 10 of the
included studies and =60 yearsin 2 studies. Most participants
were femae, 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
typeincluded web-based interventions, mobile apps, and virtual
meetings, whereas the control groups included treatment as
usual, wait-list controls, face-to-face mindfulness, and
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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 (ISl). 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

Mean age (years) Number of studies (n=13) Reference
<60 10 [36-41,43-45,47]
=60 2 [26,42]

Data not available 1 [46]

Sex (Female) n (%) Reference
Remote-based group 572 (74.38) NA
Usual care 322 (70.61) NA

Country Number of studies (n=13) Reference
United States of America 4 [41,42,44,45]
Ireland 1 [40]
Netherlands 4 [36-39]
Denmark 1 [26]

China 2 [43,46]
Iran 1 [47]

Study design Reference
RCT® 1 [26,37-43 45-47)
Pilot-RCT 2 [36,44]

Type of mindfulness delivered Number of studies (n=13) Reference
Web-based 5 [36-39,43]
Mobile apps 4 [26,41,42,44]
Virtual meeting 2 [46,47]
Unspecified 2 [40,45]

Type of control group Number of studies (n=13) Reference
Treatment as usual 6 [38-40,45-47]
Wait-list control 4 [26,41-43]
Face-to-face mindfulness 1 [37]

Without control 2 [36,44]

Fatigue measurement Number of studies (n=5) Reference
CIS-Fatigue 1 [36]

BFI-9 1 [41]
FSI® 2 [44,45]
QLQ-30¢ 1 [47]

Sleep disturbance measurement Number of studies (n=6) Reference
PROMIS® 1 [41]

PsQI’ 3 [43-45]
1519 2 [26,47]

Physical function measurement Number of studies (n=7) Reference
sF-12h 4 [37-39,44]
FACIT 2 [41.42]
QLQ-30 1 [46]
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8RCT: randomized-controlled trial.

bCIS—]‘aIigue: checklist individual strength for fatigue.

CFSI: fatigue symptom inventory.

dQLQ-CEBO: Cancer Quality of Life Questionnaire- C30.

€PROMIS: patient-reported outcome measurement information system.
fPSQI: Pittsburgh Sleep Quality Index.

91SI: insomnia severity index.

NSF-12: short form-12 items,

IFACIT: Functional Assessment of Chronic IlIness Therapy.

Study Outcomes

A metaanalysis of remote-based mindfulness revealed 4
physical outcomes. The outcomesincluded fatigue (n=5), sleep

Komariah et al

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 symptomsin cancer survivors.

QOutcome Number of studies Effect size 95% ClI P value Heterogeneity Reference
Pre- and postintervention

Fatigue 5 SMD?-0.94 -1.56t0-0.33 002+P 85% [36,41,44,45,47]

Sleep distur- 6 SMD -0.36 -0.60t0 -0.12 .004* 31% [26,41,43-45,47]
bance

Pain 3 MDC -5.33 -10.90t0 0.25 06 85% [40,41,44]

Physical function 6 SMD 0.25 0.09t0 0.41 002 0% [37-39,41,44,46)
Controlled intervention

Fatigue 3 SMD -1.09 -2.87t00.68 23 95% [41,45,47)

Sleep distur- 5 SMD -0.37 -0.58t0-0.16 .006* 46% [26,41,43,45,47]
bance

Pain 2 MD -0.90 -2.31t0 0.52 21 0% [40,41]

Physical function 5 SMD 0.59 -0.06t01.24 .08 92% [38,39,41,42,46]

33MD: Standard mean difference.
bThe asterisk indicates statistical significance (P<.05)
°MD: Mean difference.

Pre- and Postanalysis of Remote-Based Mindfulness
to Physical Outcomes After Treatment

After remote-based mindfulness treatment, cancer survivors
showed asignificant reductionin fatigue (SMD —0.94; 95% ClI:
-1.56 to —0.33; P=.002), sleep disturbance (SMD -0.36; 95%
Cl: -0.60 to -0.12; P=.004), and improvement in physical
function (SMD 0.25; 95% CI: 0.009t0 0.41; P=.002) compared
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with baseline or pretreatment values. Although posttreatment
outcomes were more favorable compared to baseline values,
therewas no statistically significant differencein pain reduction
(MD -5.33; 95% Cl: —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 (1°=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.
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(D)
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Clllessen et al. (2018} 48.3 0.4 40 4B.5 B.2 77 17.4%  -0.02 [-0.41, 0.38] .
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Compen et al. {2019) 48.43 1.11 90 45.62 10.19 80 291X 0.39 [0.09, 0.68] -
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Lengacher et al. (2017} &9.23 30.47 13 66.33 29.06 15 4.6% 0.09 [-0.65, 0.84] e
Peng etal. (2022) B3.1 12.63 28 78.33 12.78 28 9.1% 0.37 [-0.18, 0.90] A
Total (95% CI) 286 340 100.0% 0.25 [0.09, 0.41] ¢
Heterogenehty: Tau® = 0.00; ChF = 3.16, df = 5 (P = 0.68); F = 0% _4 _lz 0 2 4

Test for overall effect: Z = 3.10 (P = 0.002)

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% Cl: -0.58 to —0.16, P=.0006)
compared with usual care after treatment. There were no
statistically significant differences in the reduction of fatigue,
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Pretreatment Posttreatment

pain, or improvement of physica function between the
remote-based mindfulness and usua care groups (Table 2).
Although not satisticaly significant, the remote-based
mindful ness 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.
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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
alow risk of bias across most domains, particularly for biasin
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

Figure4. Summary risk of bias.

Bias arising from the randomization process

Bias due to deviations from intended interventions
Bias due to missing outcome data

Bias in measurement of the outcome

Bias in selection of the reported result

Usual care Remote-based intervention

interventions, with several studies lacking sufficient details on
allocation concealment or participant adherence. Two studies,
notably those by Cillessen et a (2018) and Nissen et a (2019),
demonstrated a high risk of biasin 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.
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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 Findingsand Comparison With PreviousWorks

To the best of our knowledge, this systematic review and
meta-analysisisthe first to assess the benefits of remote-based
mindful ness interventions on physical outcomesin individuals
living with cancer. Thisstudy hasyielded several findings. First,
the meta-analysis concluded that a significant effect was
observed in reducing fatigue and sleep disturbance after
treatment. Second, remote-based mindful ness 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
mindfulnessisbeneficia 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 mindful ness reduces
psychological symptomsin cancer survivors, such asdepression,
distress, and perceived stress [30,49]. Another meta-analysis
observed asignificant effect of remote-based mindfulnesswith
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 studiesindicate that mindfulness
interventions promote two pathways of stress resilience in the
brain (theregulatory and reactivity pathways) and may enhance
the regulation of the stress reactivity of the
hypothalamic-pituitary-adrenal and
sympathetic-adrenal-medullary axes, thereby elucidating the
effects of mindful nessinterventions 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 isinfluenced
by theinterconnectedness of biologica 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, whichis
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
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thoughts, emotions, and physiological sensations. Thistreatment
improves cognitive flexibility and cultivates a more
comprehensive understanding of deep, 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 usua care[30]. This may align with the different
types of cancer and stages, types of technological intervention,
treatment duration, and diverse measurement instrumentswithin
the studied population. Despite this, remote-based mindfulness
showed high effectiveness after treatment, which alignswith 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 mindfulnessiswell-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
aleviating chronic pain in cancer survivors. A previous
meta-analysis of face-to-face mindfulness showed only asmall
effect in reducing chronic painin 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 mindful ness 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 physica 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 alignswith the principles of
patient-centered care, recognizing the unique needs and
challenges faced by individuals undergoing cancer treatment.

Degpite the small number of included studies, the evidence of
the pain outcomes suggests the limited benefit of remote-based
mindful ness intervention due to the administration of standard
analgesicsin 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 effectsinclude 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
psychotherapiesis heeded 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
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physical status, our study has several limitations. This
meta-analysiswas 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 studiesincluded 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
OUtCcOmeS as primary outcomes.

Conclusion

This meta-analysis provided evidence regarding remote-based
mindfulness interventions to aleviate physical symptoms in
cancer survivors. The findings of this study suggest that
remote-based mindfulness interventions may be effective in
reducing sleep disturbancesin clinical practice. Despitelimited
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 theincluded
studies, the conclusions must be considered along with these
limitations. Therefore, well-designed trialsare required to obtain
robust evidence.
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Abstract

Background: Limited access to nutrition support among populations with cancer is amajor 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 dligible 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 Biasin Nonrandomized
Studiestools 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 tota 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 groupswere morelikely 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

KEYWORDS

cancer; mobile app; nutrition; body composition; quality of life; mobile health; mHealth; diet; intervention; mobile phone;
PRISMA
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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 theimportance of amultidisciplinary approach
in managing undernutrition among patients with cancer [4].
However, this nutritional issue is not considered as egually
important as the cancer disease itself [6,7]. If undernutritionis
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 increasesin 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/m? [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
patientswith 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
astudy by Pinho et a [1], 45% of patientswith 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.

https://cancer.jmir.org/2025/1/e50662
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Poor access to dietary services can be attributable to severa
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 professiona
evidence-based dietary intervention, patientsarelikely 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]. Thisresultsin
the adoption of unproven dietary strategies, including fad diets,
juicing, and herbs and supplements, aswell as avoiding certain
food groups that are essential to their health [12].

TheWorld Health Organization hascalled for aglobal initiative
toleveragethe 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 alowed 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, theimplications of mobile app usein 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]. Thisreview 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 searchesthat 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 articleswere 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 psychosocia 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
theinclusion 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

https://cancer.jmir.org/2025/1/e50662
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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,
ameta-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.
TheRisk of Bias2 (RoB 2) and Risk of Biasin 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) selectivereporting,
and (7) other bias. For the ROBINS tool, the seven areas
included were (1) bias due to confounding, (2) biasin 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 areawas 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 duplicateswereremoved,
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.

| Identification of studies via databases and registers |

Studies included in review
(n=13)

Study Char acteristics

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 yearswasincluded. The sample sizesranged from
22t0127. Intotal, 15% (2/13) of the studies had no comparison
groups [36,37]. A total of 8% (1/13) of the studies were
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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], hematol ogic 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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Study and Study design Samplesize, N Population characteriss Cancer type  Intervention Control App features
country tics
Choweta  pjjotrcT® Experimental  Adultsdiagnosedfor>5 Hematologic Had accessto  Had accessto  Commercial app;
[35], 2020, group: 24; con-  years, mean age 44 HealthWatch Fitbit Flex tracking of food in-
United trol group: 17 (range 20.9-54.0) years 360 (GB wristbandand  take
States in the experimental HealthwWatch)  HeathWatch
group and 46.0 (range and Fitbit Flex 360 without
20.2-54.8) yearsin the wristband goal setting and
control group; mean (Google) with  peer support
BMI 28.6 (SD 6.5) goal setting and
kg/m? inthe experimen- peer support
tal group and 29.6 (SD
6.3) kg/m2 in the con-
trol group
McCarroll et Pretest- 50 Women with OWP or ~ Endometrium  Had accessto  _¢ Commercia app; log-
a [36], posttest obesity diagnosed over  OF breast can- Loselt! ging of food, exercise,
2015, United - study the previous 3 years, ~ C&f and BW and provi-
States mean age 58.4 (SD sion of personalized
10.3) years feedback
Orlemannet  pjjor; Qep®  Experimental  Adultsreceiving treat-  \ixeq (GIftu- Had accessto  Received nutri- - Custom-developed
al [41], group: 12; con-  ment; meanage584 g n=16) OncoFood tion counseling  app; recording of food
2018, Ger- trol group: 12 (range 27-90) years (Huawei Tech-  and therapy intake and monitoring
many nologies Co without app of nutritional goals
Ltd) and BW
Stubbinset  Prospective, 33 Survivors with OW, Breast cancel'  yged MOCHAY — Custom-devel oped
a [37], singlearm, mean age 57 (SD 9) for =5 days app; accessto sleep
2018, United and open la years, mean BMI 32.7 and mood data, provi-
States bel (SD 5.7) kg/m? sionof alist of cardio-
vascular and strength
activitieswith amount
of calories burned,
logging of food, and
monitoring of
progress
Baik et a Pilot RCT Experimental Latinasurvivors; mean Breast cancer AccesstoMy  AccesstoMy  Custom-developed
[30], 2020, group: 39; con- age 52.54 (SD 11.36) Guide Health app; My Guide: focus
United trol group: 39  years on ways to cope with
States side effects of treat-
ment, stress manage-
ment, social support,
and breast cancer—re-
|ated knowledge; My
Health: provides rec-
ommendationsregard-
ing nutrition, exercise,
and prevention of
chronic illnesses
Buscemi et Pilot RCT Experimental Latinasurvivors; mean Breast cancer AccesstoMy  AccesstoMy  Custom-developed
al [31], group: 40; con-  age 52.54 (SD 11.36) Guide Hesalth app; My Guide: focus
2019, United trol group: 40  years on ways to cope with
States side effects of treat-

ment, stress manage-
ment, socia support,
and breast cancer—e-
lated knowledge; My
Health: provides rec-
ommendationsregard-
ing nutrition, exercise,
and prevention of
chronic illnesses
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Study and Study design  Samplesize, N Population characteriss Cancer type  Intervention Control App features
country tics
Caroetd Non-RCT Experimental Femaesurvivors;mean Breast cancer Accessto Vida Received self-  Commercial app;
[40], 2020, group: 66; con- age51.4 (SD 8.1) years guided nutrition  tracking of medica-
United trol group: 61  in the experimental “toolkit,” exer-  tion, diet, exercise,
States group and 56.7 (SD 9.8) cise stretch sleep, and BW and
yearsin the control band, pedome-  pairing with a certi-
group; mean BMI 29.4 ter, and self- fied coach
(SD 6.0) kg/m? in the guided walking
experimenta group and DvD
30.2 (SD 7.3) kg/m?in
the control group
Fuemmeler  Single-group 15 Teenage survivors; Acute lym- Used Mila Used Mila Custom-devel oped
et al [38], pretest- mean age 14.8 (SD phoblastic Bloomsfor=24 Bloomsfor <4  app; monitors
2020, United posttest de- 1.97) years, mean BMI leukemiaor  weeks weeks progress, alows for
States sign 22.6 (SD 4.1) kgymZin lymphoma autonomic feedback,
the experimental group and uses game me-
and 22.7 (SD 2.7) chanics to promote
kg/m2 in the control hee:llthy edting and
group (data from post PA
hoc analysis)
Allicock et Pilot RCT Experimental African American Breast cancer  Accessto Accessto Custom-devel oped
a [29], group: 13; con- women after treatment CHAT' and CHAT and app; provision of sug-
2021, United trol group: 9 (except Herceptinthera ActiGraph ActiGraph gestions about PA and
States py and endocrine pills); WGT3X-BT ac- WGT3X-BTac- hedthy diet
mean age 52.8 (SD celerometer celerometer
9.57) yearsin the exper- plus tailored
imental group and health messages
51.44 (SD 9.18) years
in the control group;
mean BMI 33.26 (SD
5.42) kg/m? in the ex-
perimental group and
38.35 (SD 7.08) kg/m?
in the control group
Cinar et a Single-blind-  Experimental Women receiving hor-  Breast cancer Receivedrou-  Received rou-  The nature of the app
[32],2021, ed,single- group: 31; con- monal therapy; mean tinecareplus  tinecare was not mentioned;
Turkey center,ran-  trol group: 33 age 45.7 (SD 9.0) years mobile provision of informa-
domized app—based tion about breast can-
pretest- training cer, symptom diary,
posttest de- balanced diet, regular
sign PA, and stress manage-
ment
Keumeta  Prospective, Experimenta Patients scheduled for ~ Pancreatic Accessto Did not have Commercia app; log-
[33],2021, single-cen- group: 20; con- chemotherapy; median cancer Noom mobile  accessto the ging of food, step
South Korea ter, nonblind- trol group: 20  age 62 (range 45-70) app (NoomInc) Noomappand count, and BW; pro-
ed RCT yearsin the experimen- received none  vided coaching and
tal group and 61 (range of the nutrition  allowed for messaging
34-78) yearsin the con- intervention for tracking caloric

trol group; mean BMI

21.91 (SD 1.57) kg/m?
in the experimental
group and 23.5 (SD
2.72) kg/m? in the con-
trol group

intake and muscle
gain
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Study and Study design  Samplesize, N Population characteriss Cancer type  Intervention Control App features
country tics
Yang et a Prospective, Experimental Men scheduled for Esophagesal Accessto Previous co- Commercial app;
[39],2021, singlearm  group: 38; con- neoadjuvant chemora-  cancer Noom mobile  hort: received  recording, monitoring,
South Korea pilot study  trol group: 60  diotherapy; median age app usual care and provision of rec-

59.2 (SD 6.5) yearsin ommendations about

the experimental group diet, exercise, and BW

and 58.5 (SD 7.8) years changes

in the control group;

mean BMI 21.8 (SD

2.6) kg/m2 inthe exper-

imental group and 22

(SD 6) kg/m? in the

control group
Hugginset 3-amRCT  Mobileapp Adultsnewly diagnosed Upper Gl can- Mobile app Received usual  Commercia app; self-
al [34], group: 36; tele-  with cancer; meanage cer group: received care monitoring of goal at-
2022, Aus- phone group: 63.2 (SD 9.9) yearsin symptom-direct- tainment and BW
traia 38; control the control group, 67.5 ed nutrition in-

group: 37 (SD 10.3) yearsin the tervention via

telephone group, and the internet-en-

66.6 (SD 9.7) yearsin abled mobile

the mobile app group; app “myPace’;

mean BW 75.0 (SD telephone

20.0) kg in the control group: received

group, 71.9 (SD 12.7) symptom-direct-

kg in the telephone ed nutrition in-

group, and 76.4 (SD tervention via

14.7) kg in the mobile telephone

app group

8RCT: randomized controlled trial.

bow: overweight.

®Not applicable.

dBw: body weight.

€QED: quasi-experimental design.

fal: gastrointestinal.

IMOCHA: Methodist Hospital Cancer Health Application.
Ppa: physical activity.

ICHAT: Creati ng 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 maodification.
Specifically, 50% (5/10) of these studiesinvolved acombination
of diet and physical activity [29,35,36,38,39], with additional
componentsin 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 studieslasted 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

https://cancer.jmir.org/2025/1/e50662
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measures. A total of 38% (5/13) of the studies continued to
evaluate the participants’ progress after the intervention by
investigating changesin 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]. Intotal, 31% (4/13) of the studiesfocused 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
amore 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 studiesreported
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 aretention rate of <70% [34]. Table 2 providesamore
detailed description.
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Table 2. Key findings of theincluded studies.

Ngeta

Study App intervention  Follow-
duration up

Retention
rate (%)

Outcome measures

Main findings

Diagnosis

Hugginset 18 weeks 30
al [34], weeks
2022

Treatment

Orlemann 4 weeks f
et al [41],
2018

495

*  QALYS(EQ-5D-5L tool) °

*  QoL°(EORTCQLQ-C30°
scale)

o Nutritiona status (PG-
SGA%-Short Form)

*  Self-reported BW®

* BW,BMI, SMM" and
FFM' (BIA)

«  Nutritional goas (intake
of protein, fibers, energy,
carbohydrates, and fats)

Meanweight 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 monthsin the control group; 71.7 (SD 11.8)
kg at 3 months, 70.2 (SD 11.7) kg at 6 months,
and 68.6 (SD 13.3) kg at 12 monthsin the tele-
phone group; and 71.7 (SD 15.6) kg at 3 months,
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 score54.3 (SD 25.1) at 3months, 69.8
(SD 12.2) at 6 months, and 72.2 (SD 15.9) at 12
monthsin 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 monthsin
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
inthe control group, 0.57 (SD 0.28) at 12 months
in the telephone group, and 0.59 (SD 0.23) at 12
monthsin 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
monthsin 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 monthsin 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 monthsin 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

Mean changein BW 1.03 kg in the experimental
group and —1.46 kg in the control group (P=.045)
Mean changein SMM 0.58 kg in the experimental
group and —0.61 kg in the control group (P=.009);
mean change in FFM after the intervention
(P=.03)

P=.91 for difference in mean changesin thein-
take of protein and fats, P=.34 for differencein
mean changes in the intake of fiber, P=.27 for
differencein mean changesin theintake 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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Ngeta

Study App intervention
duration

Follow-
up

Retention

rate (%)

Outcome measures

Main findings

Cinaretal 12 weeks
[32], 2021

Keumeta 12 weeks
[33], 2021

Yangeta 8weeks
[39], 2021

Survivor ship

NR

82.5

78.9

QoL (FACT-ESY
Symptom distress (NCCNI
Distress Thermometer)

QoL (EORTC QLQ-C30)
Nutritional status (PG-
SGA)

smi™ (T

Total protein and energy
intake

SMI (CT)
NLRP, PLRY, and PNI"

QoL : t3g=—5.13 and P<.001 in the experimental
group and t3,=3.25 and P=.003 in the control
group; physica well-being: t3p=—4.60 and P<.001
inthe experimental group and tzo=1.13 and P=.27
in the control group; emotional well-being:
t3p=2.58 and P=.02 in the experimental group
and t3,=2.88 and P=.007 in the control group;
functional well-being: t3p=—1.01 and P=.32in
the experimental group and t3>=2.67 and P=.01
in the control group; endocrine symptoms:
t30=6.49 and P<.001 in the experimental group
and t3,=3.08 and P=.004 in the control group;
pretest distress score: 1003 (P=.32); posttest dis-
tress score: —2265 (P=.03)

Reduced SMI: —=3.27 in the experimental group
and —13.96 in the control group (P=.11)

Improved GHS® 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 groupand 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 scorein both groups (P<.001)

Mean changein SMI after theintervention—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)
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[30], 2020

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-Cancer?)
Breast cancer knowledge
(16-item Knowledge
About Breast Cancer
questionnaire)

Study App intervention Follow- Retention  Outcome measures Main findings
duration up rate (%)
Choweta 16 weeks 8weeks 90.2 pAS Physical health: mean 2.7 (95% Cl 0.7-4.6) inthe
[35], 2020 Daily percentage of added experimental group and 1.8 (95% Cl —0.3t0 3.8)
sugar, saturated fat, and in the control group (between-group P=.52);
sodium (HEIt-2015) mentgl health: mean 4.2 (95% Cl 1.5-6.9) in the
. experimental group and 1.8 (95% Cl —1.1t0 4.8)
Physical health and mental in the control group (between-group P=.24)
health (PROMIS" Global HEI-2015 score: mean 1.6 (95% CI —1.5 o 4.6)
Health-10) in the experimental group and 0.6 (95% Cl —2.8
Health-related self-effica- t0 4.0) in the control group (between-group
Cy score 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 —1.5to 1.6) in the control
group (between-group P=.39); daily percentage
of saturated fat: mean —0.3 (95% ClI -1.5t0 0.9)
in the experimental group and —0.8 (95% Cl —-2.2
to 0.6) in the control group (between-group
P=.60); sodium intake: mean —832 (95% ClI
—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)
McCarroll 4 weeks — 70 BW, BMI, and WC" Mean pretest BW 97.3 (SD 22.5) kg and mean
et a [36], QoL and self-efficacy posttest BW 95.0 (SD 22.1) kg (P<.001); mean
2015 (FACT-G" and Weight pretest BMI 36.4 (SD 8.1) kg/m? and mean
Efficacy Lifestyle Ques- posttest BMI 35.6 (SD 8.0) kg/m? (P<.001); mean
tionnaire) pretest WC 106.6 (SD 16.8) cm and mean posttest
Minutes spent in PA WC 103.4 (SD 17.4; P<.001) cm
Weekly intake of carbohy- Mean pretest FACT-G score 50.47 (SD 13.3) and
drates, fats, protein, fiber, mean posttest FACT-G score 44.35 (SD 19.9;
and calories pP=.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)
Stubbinset 4 weeks — 75.8 Adherenceto the Mean reduced BW 2 (range +4 to—10.6) |bs after
al [37], MOCHAX app the intervention; P value NR
2018 System Usability Scale
score
Weight loss
Dietitian-participant inter-
action
Baketa  6weeks 2weeks NR Experimental group—breast cancer well-being

scorefor low app users: mean pretest score 23.47
(range 12-36) and mean posttest score 26.13
(range 14-35); control group—socia well-being,
score: mean pretest score 20.74 (range 5-28) and
mean posttest score 22.52 (range 11-28); P value
NR

https://cancer.jmir.org/2025/1/e50662

JMIR Cancer 2025 | vol. 11 | 50662 | p.142
(page number not for citation purposes)


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

JMIR CANCER Ngeta
Study App intervention Follow- Retention  Outcome measures Main findings
duration up rate (%)
Buscemi et 6 weeks 2weeks >90 « Daily intake of fat and Fat sourcess EMM® 2.38 (SE 0.21) in the exper-
a [31], Fv® imental group and 2.86 (SE 0.21) in the control
2019 « PAleve 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)
Cairoetal 6 months — 100 « BWand BMI Mean reduced BW 1.8 (SD 4.9) kg in the experi-
[40], 2020 « PAlevd mental group (P<.01) and—0.2 (SD 3.7) kginthe
« Adherenceto ahealthy control group (P=.70); mean reduced BMI 0.7
diet ("27-|tem “Rate Your (SD 1.8) kg/m? in the experimental group (P<.01)
. grg\j;r;neé)sev erity of (agg ;2)7 (SD 14 kg/m2 in the control group
fatigue (_VASaC -Fatigue) Mean reduced fatigue score 1.2 (SD 2.4) in the
+  Depressionand anhedonia experimental group (P<.001) and 0.65 (SD 2.3)
(PHQad tool) inthe control group (P=.03); P=.36 for depression
between experimental and control groups
Improved adherence to a plant-based diet: mean
changein score—6.2 (SD 5.8) in the experimental
group (P<.001) and —2.0 (SD 6.5) in the control
group (P=.02)
Fuemmeler 8 weeks — NR . Height, BW, BMI, z score, Mean pretest BMI 22.6 (SD 4.1) kg/m2 and mean
?03“0[38]' . f‘;‘;ﬁ’g&ﬂﬁi s and posttest BMI 22.8 (SD 4.1) kg/m? in the experi-
trients mental group (P=.41); mean pretest BMI 22.7
. PAleve (SD 2.7) kg/m? and mean posttest BMI 23.1 (SD
- Dietand PA self-efficacy 2.6) kg/m? in the control group (P=.24)
(PACE®) Mean pretest sweet food intake 8.4% (SD 3.6%)
.  User satisfaction and nar- of kcal and mean posttest sweet food intake
rative engagement 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 beverageintake 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 sdlf-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)
Allicock et 4 weeks 4weeks 100 . BM.I and WC Mean change in BM1 —0.19 (SD 0.35) kg/m2 in
al [29], - FVintske and percentage the experimental group (P=.10) and -0.24 (SD
2021 of energy from fat and

fiber
PA leve

0.76) kg/m2 in the control group (P=.76); mean
WC change—1.04 (SD 0.95) cmin the experimen-
tal group (P=.003) and —0.47 (SD 1.57) cminthe
control group (P=.39)

Mean FV change 0.67 (SD 2.35) servingsin the
experimental group (P=.34) and 0.78 (SD 2.48)
servingsin the control group (P=.38); mean fast
food intake change —1.5 (SD 1.98) servingsin
the experimental group (P=.008) and —-1.11 (SD
1.45) servings in the control group (P=.09)

3QALY: quality-adjusted life year.
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bQolL : quality of life.

Ngeta

CEORTC QL Q-C30: European Organisation for Research and Treatment of Cancer Quality of Life Questionnaire.

4PG-SGA: Patient-Generated Subjective Global Assessment.
€BW: body weight.

Not applicable.

INR: not reported.

NSMM: skeletal muscle mass.

IFFM: fat-free mass.

IBIA: bioimpedance analysis.

KEACT-ES: Functional Assessment of Cancer Therapy—Endocrine Symptoms.

'NCCN: National Comprehensive Cancer Network.
MSMI: skeletal muscle index.

"CT: computed tomography.

OGHS: global health status.

PNLR: neutrophil-to-lymphocyte ratio.

9PLR: platelet-to-lymphocyte ratio.

'PNI: prognostic nutritional index.

SPA: physical activity.

'HEI: Healthy Eating Index.

UYPROMIS: Patient-Reported Outcomes M easurement Information System.

VWC: waist circumference.

WEACT-G: Functional Assessment of Cancer Therapy—General.
*MOCHA: Methodist Hospital Cancer Health Application.
YFACT-B: Functional Assessment of Cancer Therapy—Breast.

ZCASE-Cancer: Communication and Attitudinal Self-Efficacy Scale for Cancer.

%Ey: fruits and vegetables.

DEMM: estimated marginal mean.

VAS: Visua Analog Scale.

adPHQ: Patient Health Questionnaire.

%PACE: 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 biasin all aspects
[35]. A total of 15% (2/13) of the studies were reported as
doubleblind [34,35]. Dueto uncertainty or unblinded treatment
allocation, the quality of 38% (5/13) of thetrialswas considered
low with regard to performance and detection bias [29-33].
There was an unclear risk of selection biasin 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 alow retention rate (<50%), with the use of the
multiple imputation approach for handling missing data. The
suboutcomes resulting from aweb-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 differencein breast cancer well-being
after the intervention [30].

https://cancer.jmir.org/2025/1/e50662

The ROBINS assessment is shown in Figure 3 [36-41]. A total
of 17% (1/6) of the studies mentioned the frequency of maobile
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 datamanagement
[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 adeviation from the intended intervention
[37,41]. Fuemmeler et a [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
factorswere present [38,41]. A total of 17% (1/6) of the studies
had a high risk of biasin 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 (?).

Blinding of padicipants and persannel {parfarmance hias)

Allocation concealment (selection hias)

] . Randam sequence generation {selection hias)
] . Blinding of outcome assessment {detection bias)
- . Incomplete outcome data (attrition hias)

® O G 0| 0| 0| O |-celectve eporting (reporting hias)

[

5

)

]

=

o

Allicock etal (2021) b .
Baiketal (2020) e € B

2 |72 |2 |2 2

Buscemi et al (2014)

Chow et al (2020)

AL Il

L]
~
L]
L]
-~

Ginaretal (2021)

Hugoins etal {2022}

Keum etal (20213

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 (?).

. Bias due to confounding

Cairo et al (2020

@ | @ | bias due to missing data

Fuemmeler et al (20200

=

McCarrall et al 2014

[
O D ® 0| 0| ® | sciss:inselectionof participants for the study

~ | @ | @ | @ | bias due to deviations from the intended interventions

=

Crlemannetal 2018 | 2

Stubbins et al (2018)

QO ® ©® ® ® ®  ci:incassifcaton of interventions
@ O ® S ®| @ siasinmeasurement of outcomes
D 0O ® | @ O vissinselection ofthe reported results

Yang etal (20213

https://cancer.jmir.org/2025/1/€50662 JMIR Cancer 2025 | vol. 11 | €50662 | p.145
(page number not for citation purposes)

RenderX


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

JMIR CANCER

Outcome M easures

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 theintervention [36,40]. On the other hand, only 50% (1/2)
of the studiesthat supported weight retention reported significant
weight gain in patients with cancer who were at risk of
malnutrition [41]. Huggins et a [34] reported attenuation of
weight loss in patients with upper gastrointestinal cancer who
received asymptom-directed nutrition intervention viatelephone
compared to a mobile app. A total of 29% (2/7) of the studies
did not find significant changesin BMI between groups[29,38].
A study showed adecreasein 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].

Intotal, 23% (3/13) of studiesaiming to combat cancer-induced
mal nutrition 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 a [39] did not show significant results of
the skeletal muscle index using computed tomography.

Nutritional Status or | ndex

Nutritional statuswas evaluated in 23% (3/13) of studiesaiming
at weight gain [33,34,39]. According to the Scored PG-SGA,
Keum et a [33] reported significant improvementsin nutritional
status in both the experimental and control groups but with no
statistically significant difference between groups. Similarly, a
nonsignificant differencein PG-SGA scoresin theintervention
groups (delivered viatelephone or mobile app) compared with
the control group was reported by Huggins et a [34]. The
PG-SGA scoreisderived 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-lymphocyteratio, and platel et-to-lymphocyteratio
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 x albumin + 0.005 x 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.

https://cancer.jmir.org/2025/1/e50662
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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 resultswere reported for theintake
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. Intotal, 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]. Intotal, 33% (2/6) of the studies reported significant
improvementsin QoL based onthe 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
symptomsand psychosocial distress. Theremaining studiesdid
not report any significant QoL results [34-36,40].

The EORTC QL Q-C30 covers 5 functional domains (physical,
emotional, social, role, and cognitive), 9 symptoms (fatigue,
nausea and vomiting, pain, dyspnea, insomnia, appetite loss,
congtipation, diarrhea, and financial difficulties), and ageneral
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 itemsand 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, whereasthe 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 a [40].
Although the experimental group reported improved levels of
fatigue and depression after theintervention, these changeswere
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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 O 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-devel oped maobile appswere 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, anecessary 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, theresults
may not be able to discern the magnitude of the difference due
tolimited data. Overall, thestudiesincluded inthisreview were
of low to moderate quality. For RCTs, lack of blinding and
biased treatment all ocation were the major concerns. Failureto
define the intervention status in terms of types, frequency, and
timing reported by non-RCTsmade 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 lossis 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 isa
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

https://cancer.jmir.org/2025/1/e50662
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factors influencing eating habits among school-aged children,
particularly role modeling and parenting styles[53]. In addition
to app gamification, creating aconducive learning environment
in schoolsand at home could be away 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 viamobile app platforms may help
prevent drastic weight loss and improve skeletal muscle mass
and overal nutritional status. However, the findings of this
review do not reflect thelong-term beneficial effectsdueto lack
of data. Despite the growing development of nutrition apps,
tailoring dietary interventionsto individuals' needs, nutritional
status, cancer type, treatment plan, and comorbid conditionsis
still an unmet need [54].

Of the 6 studies that focused on QoL, only 2 (33%) showed
significant changesin QoL at the treatment phase based on the
EORTC QLQ-C30and FACT-ES[32,33]. A review that focused
on app-based interventions to improve nutrition or lifestyle
behaviorsin patientswith breast cancer showed asimilar 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 amultidimensional assessments
of QoL. These tools yield a comprehensive evaluation of
individuals' progress. QALY s, which account for both QoL and
survival, have been increasingly used as a standard measure to
evaluate disease burden at the population or regiona level
[57,58]. However, Huggins et a [34] reported no significant
results for QALY s in groups that received the intervention via
mobile app or tel ephone compared to controls. Failureto obtain
significant results could be due to less participants who
continued to use the mobile app after the intervention period.

Strengthsand Limitations

This is the first review that has evaluated the impact of
app-based dietary interventionsin cancer care. Thereview 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 articleswereincluded
inthe search for thisreview. Second, the heterogeneity of study
designs, interventions, app features, and cancer types was
substantial, requiring the results to be interpreted cautiously.
Third, theinconsistent measurement and reporting of incompl ete
data made comparisons difficult acrossthe studies. Finaly, this
review included pilot studiesthat comprised small sasmplesizes
(11/13, 85% of the interventions enrolled <70 participants per
group), resulting in limited generaizability of the study findings.

Conclusions

M obile app—based nutrition interventions have afavorabl e effect
on nutritional statusand QoL in patientswith 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-devel oped apps were efficacious
for improved nutrition-related outcomes and QoL. The
continuity of nutritional carein patients with cancer viamabile
app platforms could help in achieving a healthy weight by
improving their adherence to dietary guidelines. Although most

Ngeta

studies yielded favorable outcomes, they were rated as being
of low to moderate quality.

Future studies should emphasi ze randomi zed 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: Advancesin therapies have significantly improved the outcomes of patientswith 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: Theresearch question wasasfollows: “In patients with cancer (population), what isthe 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 articlesinitially 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 neuropsychol ogical symptoms. Moreover, 1 study
evaluated symptoms at diagnosis, 1 eval uated 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 changesin 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), unregul arized Gaussian graphical model (n=2), regularized partia 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-a) suggest a biological basis for symptom interconnectivity.
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Conclusions:
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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 methodol ogies are needed.

(JMIR Cancer 2025;11:e66087) doi:10.2196/66087
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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 patientswith cancer continueto 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 immunatherapy, 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 symptomsthat share common mechanismsand
clinica 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) asanovel 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]. Thisapproach grantsanew 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 fundamentaly from
traditional models by conceptualizing diseases asinterconnected
systemsrather 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
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QoL, which can ultimately enhance patient care [21]. In the
study by Kossakowski et a [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 aso holds promise for
uncovering the underlying biological mechanisms driving
symptom progression [22]. By integrating biological markers
into symptom networks, this approach could provide new
insightsinto pathophysiological pathways, offering opportunities
for more biologically informed therapeutic strategies.

Kosvyraet 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 alack 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 criticaly 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
medicinefield, nodes are symptoms, and anetwork isagraphic
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 edgesiis 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,

Richard et d

and if they exit, 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.

(A)

Edge

Symptom

Symptom
3

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].
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Once constructed, the structures of the network have to be
analyzed in terms of its properties. what is the importance of
nodes, isthe global structure dense, and are the nodes i solated?
These properties are described in terms of centrality (degree,
node strength, closeness, betweenness, and clustering) [18].
Finally, the network accuracy hasto be evaluated [19].
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Pairwise Markov random fields and directed acyclic graphs are
the most used methodsin the psychopathol ogical 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
variablesand are constructed using local conditional probability
distributions [18]. The presence of an edge between 2 nodes

Richard et d

indicatesthat 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 modelsis provided in Table 1.

Table 1. Comparison between pairwise Markov random fields and directed acyclic graphs.

Variable Pairwise Markov random field

Directed acyclic graph

Graph type Undirected graph
Edge interpretation
Edge direction No direction (edges are bidirectional)

Conditional independence

pendence or independence
Causality Does not assume causal relationships
Loops/cycles Can contain cycles

Factorization of probability
distributions

Mathematical representation

Common models
cal model

Handling of latent variables

Parameter estimation
tion techniques (eg, LASSO)

Encodes conditional dependencies between variables

An edge’s presence or absence represents conditional de-

Factorizes the joint distribution using local conditional

Typicaly modeled using local Markov properties
1sing model, Gaussian graphical model, and mixed graphi-

Typically does not incorporate latent variables directly

Uses maximum likelihood estimation (MLE) or regulariza-

Directed acyclic graph
Represents causal relationships between variables
Directed edges (A — B means A influences B)

Uses d-separation to determine conditional independence

Explicitly models cause-and-effect relationships
Acyclic (no feedback loops all owed)

Uses the chain rule to express joint probability based on
parent-child relationships

Follows Bayes' theorem to express probabilities

Bayesian network and structural equation model (SEM)

Can explicitly include latent variables

Parameters estimated using MLE, Bayesian inference, or
SEM methods

Resear ch 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 multidimensiona 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 theterms* network analysis,” “ symptoms,”
and (“cancer patients’ or “cancer survivors') using Boolean
operators. For multiword terms, quotation marks were used
where appropriate (eg, “network analysis’). Filterswere 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

https://cancer.jmir.org/2025/1/e66087

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
symptomsor symptom clustersin adult patientswith cancer via
an NA approach, either at diagnosis or during acute cancer
treatment, long-lasting adjuvant therapy, and follow-up aone.
To maintain some disease homogeneity, studies focusing on
hematological patients alone were excluded, although those
with mixed patient populations, solid tumors, or hematol ogical
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-analyseswere also excluded. Eligible articleshad 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 devel oped 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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toolsused 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 usein 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 O (not reported), 1
(reported but inadequate), or 2 (reported and adequate). For
noncomparative studies, the global ideal scoreis 16, while for
comparative studies, it is 24. Two reviewers (EP and GB)
independently conducted the bias assessment, with
disagreementsresolved through discussion until consensuswas
reached.

https://cancer.jmir.org/2025/1/e66087
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Theevauation criteriaincluded 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 articleswereinitially identified through searches
across 4 literature databases. After title and abstract screening,
677 articleswere 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 studieswere included in thisreview, comprising
acumulative 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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Figure2. PRISMA 2020 flow diagram depicting the identification, screening, and inclusion process for studiesin the systematic review.
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Characteristics of the Included Studies

All characteristics of the sel ected studies are summarized in the
subsections below and detailed in Table 2.
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Table 2. Selected studies for the review.

Richard et d

Main purposes

Sample description (including can-
cer type?) and assessment period

Symptom assessment: tools and
biomarkers®

Study and Study design

country

Bhavnani ¢ Secondary analysis

a [25], of arandomized trial

2010; United  (2007); Longitudinal

States

Xueta Secondary analysis

[26], 2018;  of a NIH®-funded

United study (2004-2010);

States Longitudinal

Papachristou  Secondary analysis

etd [27], part of alongitudinal

2019; United  study

States

Hartungeta Cross-sectiona from

[28],2019; 2 studies: cross-sec-

Germany tional prospective
patientswith cancer;
survey control gener-
al population

Schellekens  Cross-sectional

etal [29],

2020; The

Netherlands

deRooij et Secondary analysis

a [30], fromthe PROFILES

2021, The  registry and NCRY,

Netherlands  cross-sectional sur-
vey data

Rhaand Lee Secondary dataanal-

[31],2021; ysisfromthe

Korea SMILERCT™ Lon-
gitudinal

Shimet al Longitudinal

[32], 2021;

Korea

Explore symptom co-occurrence and
overlap patterns using network
analysis. Explore quantitative mea-
suresto analyze symptom co-occur-
rence and overlap (observed pat-
terns).

Investigate how depression, fatigue,
and sleep interactions affect cogni-

tion and QoLf during CT.

Evaluate the occurrence, severity,

and distress of 38 cancer symptoms.
Compare symptom networks based
on occurrence, severity, and distress.

Compare depressive symptom
severity, frequency, and networks
between patients with cancer and
the general population.

Examine rel ationships among
symptoms and psychosocial risk or
protective factors.

Identify symptom clustering across
cancer types using network model-

ing.

| dentify stable symptom clustersand
their interrel ationships across treat-
ment cycles.

Study physical or psychological
symptoms and QoL changes before
or after gastric surgery.

o N=665 (463 female); Age: 21
years or older; Cancer type:
solid tumors 94%, NHK 6%;

Period: during crd

o N=74(74femde); Age: 51.8
(SD 9.5) years; Cancer type:
BC; Period: pre-CT, post-CT,
and 1 year after

. N=1328 (1032 female); Age:
57.2 (SD 12.4) years; Cancer
type: BC 40.2%, Gl 30.7%,
GYN 17.3%, LC 13.2%; Peri-
od: during CT

o Study 1: N=4020 patientswith
cancer (2050 female); Age: 58
(SD 11) years

o Study 2: N=4020 individuas
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)

« N=342 (264 female); Age:
51.35(SD 10.62) years, Cancer
type: BC 45.6%, metastatic
36.8%; Period: ongoing treat-
ments.

« N=1330(835female); 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
CLL 14.29%; Period: years af -
ter diagnosis

o 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

o N=256(92female); Age: 62.41
(SD 10.72) years; Cancer type:
GC,; Period: beforeand 1 week
and 3-6 months after surgery

Tools: MDASI (18 symptoms)

Tools: PSQI (sleep quality), MFSI-
SF (fatigue), CES-D (mood),
FACT-B (qudlity of life), FOSQ
(functional outcomes of sleepiness),
and NP (cognition)

Tools: MM SAS (38 symptoms)

Tools: PHQ-9 (depressive symp-
toms)

Tools: CIS-FS (fatigue), CES-D
(depressive and anxiety symptoms),
HDI (well-being), RSCL (physical
symptoms), GSBQ (socia withdraw-
al), ICQ (illness cognition), GAS
(goal engagement), and WGS (part-
ner support)

Tools: EORTC-QLQ-C30 (30
symptoms; emotional and cognitive
functioning scales)

Tools: assessment of 20 symptoms,
including 12 core symptoms, with
anumerical rating scale (0-10)

Tools: K-MDASI (Korean version;
13 symptoms), K-HADS (Korean
version; depressive and anxiety
symptoms), and FACT-Ga (QoL )
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Study and Study design Main purposes Sample description (including can- Symptom assessment: tool &L and
country cer type®) and assessment period  piomarkers
Henneghan  Cross-sectional Visuaize symptom-cytokinenet- «  N=66 (66 female); Age: 48.44 Tools: PCl-total (cognition), UCLA
et al [33], works and evaluate centrality inBC (SD 8.73) years; Cancer type:  Loneliness Scale (loneliness), Per-
2021; United SUrvivors. BC; Period: after adjuvant CT ceived Stress Scale (stress),

States (6 months-10 years) PROMIS (fatigue, anxiety, depres-
sion), PSQI (sleep quality), and Ep-
worth Sleepiness Scale (daytime
sleepiness); Biomarkers: 13 cy-
tokines (TNF-a, GM-CSF, INF-y,
IL-2, IL-1b, IL-5,1L-7,1L-8, IL-10,
IL-13, IL-6, IL-2, and IL-4)

Kaantari et Longitudinal Analyze changesin symptomclus- «  N=987 (779female); Age: 56.9 Tools: MM SAS (38 symptoms)

al [34], ters across treatment time points. (SD 12) years; Cancer type:

2022; United BC 41.3%, Gl 29.8%, GYN

Kingdom 17.7%, and LC 11.2%; Period:

across 2 CT cycles, 6time
points

Lineta Longitudinal Examinetemporal networksof psy- «  N=172 (45 female); Age: 59.8 Tools: PHQ-8 (depressive symp-

[35], 2022; choneurological symptoms. (SD 9.9) years; Cancer type:  toms), MFI (fatigue), PSQI (sleep

United HNC; Period: 4 timesacross  quality), and PRO-CTCAE (cogni-

States radiotherapy tive dysfunction and pain)

Santosoetal Cross-sectional Link 5 psychoneurological symp- «  Cohort 1 (complete data): Tools: PSQI (sleep quality), HADS

[36], 2022; toms with stress biomarkersin N=264 (55 female); Age: 65  (depressiveand anxiety symptoms),

The Nether- newly diagnosed HNC. (SD 8.2) years EORTC-QLQ-H&N35 (EORTC-

lands «  Cohort 2 (incomplete data): ora pain-related symptoms), and

N=475 (135 female); Age: 62 MFI (fatigue); Biomarkers: cortisol

(SD 10.4) years saliva, serum CRP, IL-6, IL-10, and
o  Cancer type: HNC; Period: at  TNF-a

diagnosis and before treatment

Zhueta Cross-sectional Explore network structure and o N=1065 (712 female); Age: Tools: MDASI (18 symptoms)

[37], 2022; symptom centrality in cancer sur- 65.00 (SD 11.42) years, Cancer

China vivors. type: BC 29.3%, Gl 22.6%,

HNK 14.74%, and L C 14.46%;

Period: cancer treatments

completed (years)
Jieta [38], Cross-sectiona Identify clustersand coresymptoms  «  N=286 (114 female); Age: Tools: MDASI-GI
2023; China after esophageal cancer surgery. 55.5% 65 years or older; Can-

cer type: early esophageal ; Pe-

riod: early postoperative

Rottgeringet  Retrospective; Sec-  Compare globa strength between  «  N=256 (95female); Age: mean  Tools: CIS-FS (fatigue), CES-D

al [39], ondary analysisof  symptom networks to understand if 47 years; Cancer type: glioma;  (depressive symptoms), MOS-cog

2023; The merged studies symptomsare moretightly connect- Period: pre- and postoperative  (cognitive functioning), EORTC-

Netherlands ed in different subgroupsof patients. BN-20 (EORTC brain-tumor-related
symptoms), and SF-36 (HRQoL")

Jing et a Secondary dataanal- Explore symptom networksinpa .  N=613(613female); Age: 49.5 Tools: FACT-ES (19 items)

[40], 2023;  ysisfrom across- tients with BC under endocrine (SD 9.4) years, Cancer type:

China sectional study therapy. BC; Period: endocrine therapy

after acute care
Lieta [41], Cross-sectiona Study links between symptomsand «  N=203 (102 female); Age: Tools: HAMA-14 (anxiety),
2023; China inflammatory biomarkersin glioma. 54.10 (SD 14.1) years, Cancer HAMD-24 (depressive symptoms),
type: glioma; Period: during  PSQI (Sleep quality), MFI (fatigue),
treatments and numerical rating scale 0-10
(pain); Biomarkers: IL-1B3, IL-6, IL-
4,1L-10, CRP, and TNF-a

Wang et al Cross-sectional Identify core symptom clustersin ~ «  N=202 (58female); Age: 66.01 Tools: MDASI-GI

[42], 2023; patients with DC. (SD 8.97) years; Cancer type:

China DC; Period: ongoing therapies.
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Study and  Study design Main purposes Sample description (including can-  gymptom assessment: tool<® and
country cer type®) and assessment period  piomarkersS
Tengeta Cross-sectional Map symptom clustersand central  «  N=512 (139 female); Age: Tools: MM SAS (32 symptoms)

[43], 2024; symptoms after CT in patients with 65.21 (SD 8.94) years; Cancer
China LC. type: LC (advanced 68%).;
Period: post-CT
Kuangetad  Secondary analysis; Compare symptom networks by o N=485 (295 female); Age: Tools: MDASI (18 symptoms)
[44], 2024;  Cross-sectional survivorship groupsin elderly pa- 72.54 (SD 6.44) years; Cancer
China tients with cancer. type: elderly patientswith can-
cer; Period: after acute treat-
ments
Shangeta  Prospective Track predictive interactions be- o N=230(%4female); Age: 66.13 Tools: MDASI-GI
[45], 2024, tween symptoms over time. (SD 10.80) years; Cancer type:
China operable CR; Period: pre- and
postsurgery
Gongeta Cross-sectional sur-  Explore demoralization symptom  «  N=413 (413 female); Age: Tools: DS-MV
[46], 2024;  vey networks in female patients with 54.01 (SD 10.35) years,; Cancer
China cancer. type: BC 63.2%, GC 18.4%,

DC 10.7%, and others 7.7%;
Period: ongoing therapies

#The 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 (Gl), gynecological cancer (GY N), 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 followi ng 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-QL Q-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), MDAS|—gastrointestinal cancer version (MDASI-GI),
Multidimensional Fatigue Symptom Inventory—Short Form (MFSI-SF), Modified Memorial Symptom Assessment Scale (MM SAS), 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 Criteriafor Adverse Events (PRO-CTCAE), Petient-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).

®The following biomarkers were evaluated in the included studies: C-reactive protein (CRP), granulocyte-macrophage colony-stimulating factor
(GM-CSF), interleukin (IL), interferon gamma (INF-y), and tumor necrosis factor alpha (TNF-a).

deT: chemotherapy.

ENIH: National Institutes of Health.

fQoL: quality of life.

INCR: Netherlands Cancer Registry.

PRCT: randomized controlled trial.

'HRQoL: hedlth-related quality of life.

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

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 analysesand
15 were based on primary data (5 longitudina and 10
cross-sectional studies).

https://cancer.jmir.org/2025/1/e66087

study investigated a mixed cohort of solid and hematological
cancers.

Toolsfor Symptom Assessment and Measures

Symptomswere assessed via 2 classes of validated tools. Twelve
studies used general symptom assessment tools, such asthe MD
Anderson Symptoms I nventory 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
SymptomsList (n=1), and the Functional Assessment of Cancer
Therapy-Endocrine Subscale (n=1), whereas 10 studiesfocused
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 changesin symptom networks across
chemotherapy cycles[26,31,34] and 1 evaluated changesduring
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 studiesidentified and eval uated 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
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symptoms co-occurred across patients. They described astrongly
nested structure of symptom co-occurrence, offering a new
approach to the complexity of symptomsin patientswith cancer.

Papachristou et al [27] investigated the relationships among 38
common symptoms in acohort 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 apsychol ogical 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 interventionsin
patientswith cancer. Rhaand Lee[31] investigated clustersand
the evolution of symptom networks across chemotherapy cycles
inmixed 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 typesacross 2 cycles
of chemotherapy. They identified 8 relatively stable symptom
clusters.

Xu et a [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
interrel ationshi ps among those symptoms, QoL, and cognition
could guide the design of further effective interventions [26].

Radiotherapy

Lin et a [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
symptomsidentified. The network structurewasrelatively 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 populationsand 1
glioma population).

Rottgering et a [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 socia 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 a [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

Severa cross-sectional studies have evaluated networksin 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, |oss 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 asthe most common symptoms. The
psychoemational symptom cluster wasthe core symptom cluster.

Gong et a [46] explored the core and bridge symptoms of
demordlization in 420 treated female patients with cancer.
Discouragement, a lack of self-worth, hopelessness, and
vulnerability wereidentified as the core and bridge symptoms.

Symptom Networks After Acute Cancer Treatments

Seven studiesinvestigated symptom networks after acute cancer
treatments, ranging from 1 week to several years.

Teng et a [43] identified 4 symptom clusters with a high
stability network in 512 patients with advanced lung cancer 1
week after chemotherapy cycles.

Jing et a [40] explored the relationship of endocrine
therapy—related symptoms to identify the core symptomsin a
population of 613 patientswith breast cancer receiving adjuvant
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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 rel ationships 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 networksin 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 asindividual
symptoms.

Zhu et a [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
“lessthan 5 years’” and “more than 5 years’ survival.

Symptom Networ ks 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-a) 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 arole
in the interconnections between symptoms and inflammatory
conditions.

Henneghan et a [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
betweennesswas 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 a [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-a 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
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to high methodological rigor. Many studies, including the studies
by Bhavnani et a [25], Xu et a [26], and Shim et a [32],
reported clear aims and appropriate statistical analyses. Several
studies, such as the studies by Rha and Lee [31], Kalantari et
a [34], and Lin et a [35], employed longitudinal designs,
enhancing their capacity to assess symptom dynamicsover time.
Other studies, such asthe studies by Papachristou et al [27] and
de Rooij et al [30], used large, heterogeneous samples with
comprehensive network model s, though some lacked follow-up
or sample sizereporting. Comparative studies scored well across
al 12 MINORS criteria (eg, [28,40,42]). In contrast,
noncomparative studies were assessed on thefirst 8 criteriaand
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.

Study Category Key commentary

ca? o ¢ AE® uae P Loss s o cod G sal NeSt oS
<%

Bhavnani et 2 2 1 2 2 0 0 0 2 0 0 2 13 13  Innovative study using network analysis to

a [25], 2010 show symptoms that follow a nested struc-
ture rather than distinct clusters; the main
limitation was secondary data anaysis.

Xueta 2 1 2 2 2 2 0 0 0 0 0 2 11 11  Sophisticated Bayesian network modeling

[26], 2018 study; found that sleep quality during
chemotherapy was directly linked to cogni-
tive performance in patients with breast

cancer.
Papachristou 2 1 2 2 2 0 0 1 0 2 2 2 10 14  Large sample study showing that symptom
etd [27], networks differ by the dimension assessed
2019 (occurrence).

Hartungeta 2 1 1 2 2 0 O 2 2 2 2 2 10 16  Rigorousstudy with large matched samples

[28], 2019 showing that depressive symptoms were
more frequent but less interconnected in
patients with cancer; suggested that external

factors drive symptoms.
Schellekens 2 2 2 2 2 0 0 1 0 0 0 2 11 11 Robust preregistered analysis of distressed
eta [29], patients with cancer; identified depressed
2020 mood.

deRooijet 2 1 o 2 2 0 O 2 1 2 1 2 10 15 Strong methodological study examining

a [30], 2021 symptom clusters across 7 cancer types;
identified fatigue as a consistently central
symptom; limited by cross-sectional design.

Rhaand Lee 2 1 2 2 2 2 0 1 0 0 0 2 12 12 Strong longitudinal analysisidentified 3

[31], 2021 stable symptom clusters across chemothera-
py cycles, with fatigue as the most central
symptom across all time points.

Shimet a 2 2 2 2 2 2 0 0 0 0 0 2 12 12 Prospective study highlighting the central

[32], 2021 role of distress and sadness across perioper-
ative time points; psychological symptoms
served as bridges connecting symptoms to

quality of life.
Henneghan 2 0 2 2 2 0 0 0 0 0 0 2 8 8 Innovative exploratory study examining
eta [33], symptom-cytokine networks in breast can-
2021 cer survivors; identified IL-2 and cognitive
impairment as central; limited by a small
sample size.

Kaantari et 2 1 2 2 2 2 0 0 0 2 1 2 11 14 Rigorouslongitudinal study identifying 8

a [34], 2022 symptom clusters across chemotherapy cy-
cles; demonstrated the stability of core
symptoms over time despite changing

severity.
Lineta 2 1 2 2 2 2 0 1 0 2 1 2 12 15 Stronglongitudina study examining symp-
[35], 2022 tom networksin patientswith head and neck

cancer; identified depression and fatigue as
core symptoms across time points.

Santosoetal 2 2 2 2 2 0 0 0 0 0 0 2 10 10 Large sample study found poor sleep.

[36], 2022
Zhueta 2 1 2 2 2 0 0 0 0 0 0 2 9 9 Large sample study found distress, sadness,
[37], 2023 and lack of appetite as core symptomsin
cancer survivors; network density was
higher in survivors <5 years vs >5 years.
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Study Category Key commentary
ca? cP ¢ AR wa® PP Loss sxc o cod GE¢ sal nedt !
<597
Jetd [38], 2 1 2 2 2 0 0 0 0 0 0 2 9 9 Identified symptom clustersin early recov-

2023

Rottgeringet 2 1 1 2 2 0 0O 0 0 2

a [39], 2024

Jingetal 2 1 1 2 2 0 0 1 0 2

[40], 2023

Lietal [41], 2 1 2 2 2 0 O 0 0O o

2023

Wang et al 2 1 2 2 2 0 0 2 0 0

[42], 2025

Teng et a 2 1 2 2 2 0 0 0 0 0

[43], 2024

Kuangeta 2 1 1 2 2 0 0 0 0 2

[44], 2024

Shangeta 2 1 2 2 2 2 0 0 0 0

[45], 2024

Gong et & 2 1 2 2 2 0 0 0 0 0

[46], 2024

ery after esophageal cancer surgery, with
sadness and fatigue as core symptoms; good
sample size but convenience sampling.

Found fatigue.

Strong analysis of endocrinetherapy—related
symptoms in patients with breast cancer;
identified emotional symptoms as central
regardless of treatment type.

Examined symptom-biomarker interconnec-
tionsin patientswith glioma; found depres-
sion.

Well-designed study that identified a psy-
choemotional symptom cluster as corein
patients with digestive cancer; distress had
the highest centrality and the strongest
bridge effect.

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.

Examined symptom networksin older adults
with cancer; found vomiting.

Innovative longitudinal study using cross-
lagged panel network analysis; identified
disturbed sleep during admission as a pre-
dictor of subsequent symptomsin patients
with colorectal cancer.

Identified key demoralization symptomsin
Chinese female patients with cancer;
strengths included prospective data collec-
tion; limited by convenience sampling.

8CA: clear aim.

bCP: consecutive patients.

°PD: prospective data.

dAE: appropriate end points.

€UA.: unbiased assessment.

Fp; follow-up period.

91oss <5%: loss to follow-up <5%.
hssc: sample size calculation.
'CG: control group.

IcoG: contemporary groups.

KGE: group equivalence.

ISA: statistical analysis.

MNCS: noncomparative score (/16).
NCS: comparative score (/24).

Discussion

NA and Current Knowledge

Patientswith cancer experience ahighly interconnected network
of co-occurring symptoms, which arise from both the disease
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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
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management by shifting the focus from treating individual
symptomsor clusters of symptomsto identifying core symptoms
that exert a broader influence on the overall network. As
Papachristou et a [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 consi stent 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 a [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 a [47] showing that breast
cancer survivors with adistress 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 emotiona 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 symptomsin 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 studieswere purely descriptive, a subset
integrated biological markers into NA models, revealing
significant associations among fatigue, depression, sleep
disturbances, and inflammatory biomarkers such asIL-6, CRP,
and tumor necrosisfactor-a [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 neuropsychol ogical
symptoms [49,50]. However, the mechanistic links between
inflammation and symptom networks remain unclear, warranting
further investigation.

Collectively, these findings support the hypothesisthat targeting
core symptoms, particularly fatigue and psychological distress,
may provide amore effective therapeutic approach than treating
symptomsin isolation. Despite the promising insights provided
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by NA, the studiesreviewed were primarily descriptive, limiting
their immediate clinica 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.

Implicationsfor Clinical Practice

From the clinician’s point of view, we strongly believe that the
NA approach could lead to innovations in interventions for
patientswith cancer. We thusargue for morelongitudinal 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
datasetsand consequently their usein clinica settings, especialy
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 Per spectivesfor This Research Area

While this review offers a comprehensive synthesis of the
current literature on the use of NA in cancer symptomatol ogy,
with most articles published during the last 3 years [30-46],
some limitations must be acknowledged. First, there was
considerable heterogeneity among theincluded studiesin 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,
themajority of studiesemployed 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, athough 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 directionsfor future research. First, thereisapressing
need for longitudinal studiesthat can track changesin symptom
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networks across different treatment phases and survivorship.
Such designs would enable researchersto 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,
evidencefrom non-NA—based trial s has shown beneficial effects
of physical activity and mind-body interventions (eg, yogaand
mindfulness) on neuropsychological symptoms in cancer
populations[52,53]. Incorporating such interventionsinto future
network-informed studies could provide valuable insights into
how these therapies affect symptom interconnectivity.

Another key areafor devel opment istheintegration 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-a) suggests that incorporating physiological data,
including genomic, proteomic, and metabolomic variables,
could shed light on the underlying mechanismsdriving 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 datistical 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 aso 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
modelsin capturing symptom interconnections depend heavily
on data quality, sasmple size, and statistical regularization
methods [20]. Furthermore, the stability of centrality measures
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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 oncol ogy.

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 biologica 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 avenuesfor 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 datainto 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.
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Abstract

The increasing demand for popul ation-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 popul ation-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 individual s receiving positive genetic test results. Thisproject
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
performancein delivering genetic information, whereas program accuracy received the lowest score of 3.25 (SD 1.39), highlighting
the need for improvementsin delivering program-specific details. This project demonstratesthe 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 scalahility, 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:€65848) doi:10.2196/65848

KEYWORDS
prompt engineering; few-shot learning; retrieval -augmented generation; popul ation screening program; cancer; genetics, screening;
syndrome; genomic; counseling; large language model; LLM; engineering; chatbot; prompt; RAG; mobile phone
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Introduction

Theincreased 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
availablein multiplelanguages, and offering continuous access
to information [11-15].

Theintegration of chatbotsinto 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
equival ence between a technol ogy-based chatbot approach and
standard of careinthe completion of pretest genetics education
and completion of genetic testing among unaffected primary
care patients meeting criteriafor 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 moreinformed
when making health care decisions [21-29].

To date, the integration of chatbot technology into genomic
service delivery hasyet to focus on thereturn 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 technol ogy-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 |aboratory 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 alow 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.
PGSisoften conducted on alarge scale, targeting asymptomatic
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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
Ingtitute’s Clinical Genome Resource (ClinGen) recommends
considering factors such as test complexity, testing situation
complexity, implications of genetic diagnosisto the patient and
family, evidence of potential adverse psychological impact, and
availability of high-quality and patient-friendly materialswhen
deciding on the level of interaction with the patient [36,37].
Since PGSistypically 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 alows
for reliability and consistency in managing response options.
However, user testing of rule-based chatbots has also revealed
aneed for chatbotsthat allow usersto ask open-ended questions
and receive responsesin real time [8,9,19]. More recently, the
release of large language models (LLMs) such as ChatGPT
offers an opportunity to direct open-ended questionsto LLMs
to better support the return of positive genetic testing results,
as open-ended questions alow for more nuanced and
personalized responses. However, it is critical to test such
systemsto ensurethat 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 queriesthat are not covered in the scripted content.
The objectives of the present project wereto (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 casesand expert raters. Thisviewpoint paper offers
insight into the application of specific prompt engineering
methodsto create patient-facing chatbotsin the hereditary cancer
diagnostic process.

Methods

Project Setting

Wetrained 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 individualsin South Carolina. At thetime
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
thetask at hand, with avariety of LLMs developed for specific
medical tasks and specialties [41]. Commonly used LLMs
include ChatGPT, Perplexity Al, Claude Al, and Google Bard
[42]. Developing generative artificial intelligence (Al) standards
emphasizes the need to design generative Al tools responsibly
for user mental models and build trust while allowing for
generative variability, cocreation, and imperfection [43].
M eeting these standards requires effective prompt engineering,
which includes the process of developing the text that instructs
the LLM to complete agiven 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 modd performances by incorporating external information
as adomain-specific knowledge base [45,46]. This project used
OpenAl’'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]. OpenAl's Playground was used for prompt
engineering and testing. GPT4 was trained to respond about a
variety of topicsincluding providing examples of theimpact 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 OpenAl’s Playground “File Search”
function which allows GPT4 to access the additional information
in real timewhen 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 a¢ 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
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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

Totrainand test the LLM, abank of commonly asked questions
was devel oped. Thisbank of questionswas derived from patient
quality improvement interviews and expert input. This step
ensuresthat the model istrained on awidearray of realisticand
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 Al model to elicit the most accurate and
appropriate responses. The prompt devel opment process used
OpenAl GPT assistantsto 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 Al assistant and running the 13 training
guestions 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
guestions. 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
casesthat were presented to domain expertsin clinical genomics.
The evaluation consisted of 2 steps described below.

Step 1: Establish the Prompt Evaluation Criteria

Previousliterature hasindicated relevant criteriato 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
theteam (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 scalefrom 1=Very Poor to 5=Excellent. Because prompt
engineering inthis context isarelatively new field, these criteria
were optimized as much as possible with limited precedent.

JMIR Cancer 2025 | vol. 11 | e65848 | p.174
(page number not for citation purposes)


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

JMIR CANCER

Table. Evaluation criteria.

Coen et a

Criteria Quality definition

Tone Theability of the chatbot to expressinformationin away that isappropriate
for the type of information being delivered

Clarity The ability of the chatbot to communicate information clearly and in a
way that avoids ambiguity or confusion

Program accuracy The ability of the chatbot to provide correct information about the PGS?
program

Domain accuracy The ability of the chatbot to provide correct information about the genetic
test results and care implications

Robustness Ability to handle ambiguous queries or incomplete information

Efficiency Ability to provide answers that are direct, concise, and complete

Boundaries Ability to avoid answering questions that are unrelated to the topic

Usability Ease of interfacing with the chatbot

3PGS: popul ation-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

Textbox 1. Case scenarios.

scenariosto allow the expert ratersto view the chatbot from the
perspective of a specific hypothetical patient (Textbox 1).

Case l: Anna

BRCA1 mutation and is concerned about the next stepsin her care.

Case 2: Josh

since he aready had cancer.

o 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 hasa BRCA 1 mutation. Annawas shocked to find this news about her

« 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

Results

Final Prompt and Example Responses

The final prompt used for the LLM isincluded 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

https://cancer.jmir.org/2025/1/e65848
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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 aclear, direct, concise response, preferably
in bullet point format). Examples of responses provided by the
chatbot areincluded in Table 2.
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Table. Sample questions and LLM? responses.

Question LLM response

What is the cost of genetic counseling visits and the screening? I’m hereto help, but remember, | can't give you specific costs because
they can vary alot depending on several factors. Here's what you should
know about the costs of genetic counseling visits and screenings:

« Insurance coverage: Many health insurance plans cover genetic
counseling and screening, especialy if you have a higher risk for
certain conditions. However, coverage can vary, so it'simportant to
check with your insurance provider.

«  Genetic counseling costs: The cost of a genetic counseling session
can vary based on thelocation, the facility, and whether the counsel or
is part of ahospital or aprivate clinic. Some genetic counselors may
work with you on payment optionsif 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 programsthat might help cover the
cost of genetic testing and counseling for those who qualify.

It'sagood ideato:

«  Contact your insurance company to find out what they cover and if
you need areferral.

« Ask the genetic counseling service about costs and payment options
when you schedule your appointment.

What is the recommended treatment or preventative care? For individuals with an MLH1 mutation, recommended treatment and
preventive care focus on lowering the risk of cancer and catching any
signs of cancer early. While | 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 1to 2 years.
«  Physical exams: Including checking for changesin 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 agenetic counselor about family planning
optionsis 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. Thisisapersonal 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 optionsfor prevention and
early detection. It'simportant 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 agenetic counselor at theM USC® Holli ngs
Cancer Center Hereditary Cancer Clinic, you can visit their website or
call 843-792-0745 for more personalized support.
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Question

LLM response

How can | stay up to date on the latest treatments and science about my
pathogenic variant?

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-inswith 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
individual s with hereditary cancer risk. These can be great placesto
share information and experiences.

o Subscribe to newsletters: Many organizations offer newsletters that
summarize the latest research and developmentsin cancer treatment
and genetics.

«  Educational events. Workshops, webinars, and conferences designed
for patients and families can provide valuable information and up-
dates.

o 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, whileit’s great to stay informed, always discuss any informa-
tion or potential treatmentsyou come acrosswith your health care provider
before making any changesto 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.

8_LM: large language model.
PMUSC: 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 al criteria and cases. The ability to express
information (tone) and ease of interface (usability) received the
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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). Thelowest-rated domain was program
accuracy (3.25, SD 1.39).
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Table. Expert ratings for each case and combined.

Quality Qudlity Case 1: Anna Case 2: Josh Combined
definition

Median Mean (SD) Range Median Mean (SD) Range Median Mean (SD) Range
(IQR) (IQR) (IQR)

Tone Ability of 4 (4-5) 425(0.71) 3-5 4 (4-5) 425(0.71) 3-5 4 (4-5) 425(068) 3-5
chatbot to
expressin-
formation
inaway
that is ap-
propriate
for thetype
of informa-
tion being
delivered

Clarity Ability of  4(3-5) 388(11) 2-5 4(3-4.5) 375(1.0) 2-5 4(3-5) 381(1.05 2-5
chatbot to
communi-
cate infor-
mation
clearly and
inaway
that avoids
ambiguity
or confu-
sion

Program Abilityof 35(2-45) 325(158) 1-5 35(254) 325(1.28) 1-5 35(254) 325(139 1-5
accuracy chatbot to

provide

correct in-

formation

about the

In Our

DNA SC

program

Domainac- Ability of 4 (4-4) 3.88(0.83) 2-5 4(3-4) 3.38(1.06) 1-4 4(3.5-4) 3.63(096) 1-5
curacy chatbot to

provide

correct in-

formation

about the

genetic test

results and

careimpli-

cations

Robustness Abilityto 4 (3-4) 375(0.71) 3-5 4(3.5-4) 3.88(064) 3-5 4(3-4) 3.81(0.66) 3-5
handle am-
biguous
queries or
incomplete
information

Efficiency  Abilityto  4(3-5) 4(1.07) 3-5 3.5(3-5) 375(1.16) 2-5 3.5(3-5) 3.88(1.09) 2-5
providean-
swers that
aredirect,
concise,
and com-
plete
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Quiality Quality Case 1: Anna Case 2: Josh Combined
definition
Median Mean (SD) Range Median Mean (SD) Range Median Mean (SD) Range
(IQR) (IQR) (IQR)
Boundaries Abilityto 4(3.5-45) 4(0.76) 3-5 4(35-45) 4(0.76) 3-5 4(35-45) 4(0.73) 3-5
avoid an-
swering
guestions
that are un-
related to
the topic
Usability  Easeof in- 4 (4-5) 438(052) 4-5 4(4-4.5) 413(064) 3-5 4 (4-5) 425058 3-5
terfacing
with the
chatbot
Average _a 392(3-5 394(092 1-5 380(3-4) 383(091) 1-5 388(3-5) 386(089 1-5
scores
@ot 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 criterialisted in Table 1. The experts independently
evaluated, scored, and submitted their scores to the team. The
2 scenarioswere sel ected 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 eval uation of the LLM output
for the 2 hypothetical scenarios (Konstantinos N. Lazaridis,
Libby Malphrus, SamanthaNorman, Ravi Sharaf, JS, HS, Sarah
English, and Anne Madeo). Experts included: 2
clinician-researchers with expertise in genomics, one genetic
counselor, 3 program managersworking with genomic screening
programs, and 2 PhD-trained researchers with expertise in
genomics. Expertswere recruited based on their domain-specific
knowledge and experience to provide a comprehensive
evaluation of the chatbot. Descriptive statistics were cal cul ated,
including median and mean scoresfor each evaluation criterion.

Discussion

Principal Findings

We completed prompt engineering and intrinsic evaluation of
the LLM component of achatbot designed to facilitate thereturn
of positive PGS results. Through the RAG technique, we
successfully developed a prompt tailored for this application.
Eight experts performed an intrinsic eval uation, which assessed
the chatbot’ sresponsesto 14 questions across 8 distinct domains
in 2 hypothetical case scenarios. The chatbot achieved an overall
average score of 3.88 acrossall 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.

https://cancer.jmir.org/2025/1/e65848

Comparison to Prior Work

Prior studies have indicated that individual s are favorable toward
the use of chatbotsfor 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
careimplications), and robustness (ability to handle ambiguous
gueriesor incompleteinformation). Another project focused on
generative Al 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 wasrated at the 75th percentile and
relevance (similar to our criteriaof boundaries) wasrated 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 Al 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 aslimitations
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. Asthe LLM isfurther
refined, it will beimportant 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 ingtill
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
stakehol dersin the future eval uation process. Other approaches
to prompt devel opment and eval uation 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 alimited 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, L L M-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 expressinformation in away 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].

L essons L earned

Our prompt engineering approach incorporated multiple
techniquesto develop an LLM chatbot that waswell-rated across
several quality domains. Several valuable lessonswerelearned.
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’ sresponses[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 theinitial
prompt and assess the feasibility of the prompt to respond to
guestions 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 ahybrid chatbot. Finally, our assessment isonly

https://cancer.jmir.org/2025/1/e65848
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focused onthe LLM component of the chatbot. Our future work
will integrate the LLM component with the rule-based script,
allowing usto 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
responsesin an appropriate tone, it isimportant 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, asit integrates scripted content that iscritical 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 providefactualy
correct information about the specific program that patients
were engaged in through thistesting process. Although provided
materials about the specific program were included as part of
prompt engineering, expertsrated thislowest anong 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]. Whiletheincreased 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.
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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 arange of patient queries. Thisincreased
efficiency hasthe potential to save health care systemsfinancial
and time resources. Additionally, hybrid Al tools such as these
offer the potential to support patients decision-making and
improve their education and heath 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 resultsin apopulation genomic screening context.
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Abstract

Digital health interventions offer promise for scalable and accessible health care, but accessis 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
addressthese issues, we devel oped and assessed the feasibility of adigital health platform, CRCWeb, to improve the accessibility
of educational resources on symptom management for disadvantaged patientswith CRC and their caregiversfacing limited health
literacy or low income. CRCWeb was developed through a stakeholder-centered participatory design approach. Two-phase
semistructured interviewswith patients, caregivers, and oncology expertsinformed theiterative design process. Fromtheinterviews,
we devel oped the following 5 key design principles: user-friendly navigation, multimediaintegration, 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 intelligencetools, 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.

International Registered Report Identifier (IRRID): RR2-10.2196/48499

(JMIR Cancer 2025;11:€68516) doi:10.2196/68516

KEYWORDS
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navigating posttreatment care, ultimately empowering them to
make informed decisions about their health [2-4]. However,

Colorectal cancer (CRC) is the third most common cancer and  MOst of these materials are primarily text-based, which poses
the second | eading cause of cancer-related deathsin the United  Significant  accessibility challenges for  disadvantaged
States[1]. For patientswith CRC, educational materialsplay a populations, such as individuals with low income or limited
critical roleinunderstanding their diagnosis, exploring treatment health literacy [5].

options, self-managing their side effects and symptoms, and
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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 combineto create acritical gap in the ability
of patientswith CRC and their caregiversto effectively manage
symptoms and make informed decisions about their treatment,
highlighting the urgent need for more accessible solutions.

Recent advancements in generative artificial intelligence
(GenAl) offer a transformative solution to these challenges.
GenAl 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 thiswork,
we introduce CRCWeb, a novel GenAl-driven digital health
mobile platform designed to provide accessible, tailored
symptom management resourcesto patientswith CRC and their
caregivers. Powered by state-of-the-art GenAl models like
ChatGPT [12], CRCWeb transforms dense health care texts
into digestible multimediaformats, 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
cognitiveload required to process health information, CRCWeb
empowers patients and caregivers with easy-to-understand
materials, improving their abilities to manage symptoms and
adhereto treatment plans and guidelines. Therefore, the purpose
of this viewpoint is to describe the development of CRCWeb,
which leverages GenAl for digital symptom management in
patientswith CRC and their caregivers, and present preliminary
datato support its feasibility and potential to reduce barriersto
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

https://cancer.jmir.org/2025/1/e68516

Liuetd

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 wasled by a
multidisciplinary research team with expertise in oncology,
nursing, Al, 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
stakehol der-centered participatory design approach [14,15]. We
conducted 2-phase, semistructured interviewsusing aninterview
guide developed from the existing literature that included
open-ended questions and probes to dlicit their specific needs,
challenges, and expectationsfor atechnol ogy-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 analysiswas used to analyze
the qualitative data through Dedoose (SocioCultural Research
Consultants) and was completed in 4 steps: data preparation,
writing memaos, coding, and categorizing and connecting [16].

Semistructured Interviews. Phase 1

InPhasel, 11 patientswith CRC, 8 caregivers, and 4 oncol ogists
were asked about their perspectives and suggestions for a
technology-based intervention to manage symptoms. We
gathered their feedback before the platform’s devel opment. 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 questionsin Table
1. We started by discussing their needs for a technol ogy-based
intervention tool during chemotherapy (Question 1) and their
experiences with existing technological tools for symptom
management (Question 2), allowing us to identify key gapsin
current digital solutions. Providers were also asked to offer
suggestions for the development of thistool (Question 3).
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Table. Two-phase semistructured interview questions designed for iterative stakeholder-centered participatory design®.

Phase

Examples of interview questions

1. Can you describe your need for atechnol ogy-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 devel oping a technol ogy-based inter-
vention program for patients and caregivers? What are they?

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. Inyour opinion, how can we achieve health equity in cancer care?

8. What are the facilitators and challenges related to implementing a
technol ogy-based intervention for patients and caregivers?

@Questions 1 to 3 were used in phase | to collect participants’ needs for CRCWeb prior to development, while questions 4 to 8 were used in phase 1 to
iteratively gather feedback from participants to propose new designs and functionalities.

Semistructured Interviews, Phase 2

In Phase 1, we expanded the participant pool beyond the original
23 from Phase | to include a more diverse group: 5 additional
patients and 5 caregivers, aswell 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 barriersto 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, theiterative design
process allowed them to actively engage with CRCWeb during
itsearly devel opment 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 (STUDY 00004750) was approved by the
institutional review board at Emory University. Written consent
was obtained from participants. All participants were informed
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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 ensuresthat thelearning
modules are concise, containing only essential information.
This design principle minimizes learning time and makes the
content easier for disadvantaged individualswith 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 caregivers®.

Design principle

Explanation

User-friendly principle
Multimedia principle

Concise principle

Vision principle

Scalability principle

Our platform should feature intuitive and user-friendly navigation.
Our platform should feature multimedia components.

Extraneous material should be excluded to keep the content short and easy
to understand.

Our app should feature functions that help people with limited vision to
access educational content.

Our platform should be scalableto include more topics and content formats
in the future.

#These 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 dtrictly 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 levelsand 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 progressis securely stored on our
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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 ensuresthat 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, alow users to move to the next or
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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 usersin
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 avisual reminder of completion. TheHome
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 messageiconin 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 accessto 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 notificationsthat adjust thelearning
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
allowscritical 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
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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
immedi ate feedback, informing userswhether their answersare
correct, followed by explanationsto 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 Expressjs
framework [21] and object-relational mapping [22] to
accommodate any relational database, allowing flexibility in
terms of database management while ensuring robust
performance and scalahility.

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 progressis securely stored on our
server, ensuring confidentiality while enabling administrators to monitor and track advancement.
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Figure3. Examplesof educational topicsin 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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Your activity goals should be tailored
to your abilities and preferences,
focusing on moving more and avoiding
long periods of inactivity. Activities that
raise your heart rate, like brisk walking,
should be done for at least 150 to 300
minutes a week for moderate
intensity, or 75 minutes a week for
vigorous intensity. Alternatively, you
can mix moderate and vigorous
activities.

Strengthening and stretching your
major muscle groups is an integral part
of physical activity. Resistance training,
involving weights, elastic bands, or

bodyweight exercises, should be done
2 to 3 times a week, with stretching

(A)

https://cancer.jmir.org/2025/1/e68516

RenderX

Family Communication

Roles may shift, causing unexpected
emotions. For instance, adult children
might struggle to accept a longer
recovery period, while those caring for a
parent might find it tough to let go of
decision-making. Parents of adult
children with cancer might still feel
protective. It's important to realize that
good communication matters even
more now, but it takes time to adjust.

After your partner's treatment,
remember:

Give Time: Many issues might improve
over time as both of you adjust.

Fatigue

Try not to do too much at once. You
might not have as much energy as
before, so choose what's important to
you and ask others for help with the
rest. Getting a good night's sleep, at
least eight hours, can also help.

If you're working, you might need to
adjust your schedule or even work from
home if possible. Don't be afraid to ask
others for help, like family or friends,
especially when you're feeling very
tired. You can also learn a lot from
others who have cancer, so consider
joining a support group.

Finally, keep a diary of how you feel
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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 usersif they answer correctly and providing a detailed explanation.
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Educational Content

Tailoring Educational Materialsfor Symptom
Management Using GenAl

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

https://cancer.jmir.org/2025/1/e68516

Quiz

(1/5) What are the benefits of
open communication in a family
facing colorectal cancer?

It reduces the financial burden.

It improves patient outcomes and
satisfaction with care.

It fosters role confusion.

It increases stress levels.

Open communication in a family facing
colorectal cancer allows for better
understanding, support, and coordination of
care. When family members communicate
openly, they can address concerns, make
informed decisions, and provide emotional
support, leading to improved patient outcomes
and satisfaction with their overall care.

(D)

theories emphasize the critical rolethat psychological resilience
and family dynamics play in how individuals manage chronic
conditions like CRC. Specificaly, Stress Coping Theory
highlights how emotional and cognitive responses influence
symptom management, while Family Systems Theory indicates
theimportance of involving family membersinthe 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 symptomseffectively, ultimately improving
both the patients' and caregivers quality of life.

Each moduleisstructured into 5 key sections: lectures, content,
activities, resources, and quizzes. Asillustrated 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.
Asshown in Figure 3, the topics address acomprehensive range
of practical, emotional, and physical challengesfaced 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 al modules, in aignment with
design principle 2. Drawing from the semistructured interviews,
we devel oped 5 distinct types of content—videos, dlides, 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
activitieswith 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
inthelecturesand content sections. These activitiesaretailored
to daly 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 linksto trusted
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cancer resources. In response to user feedback, we curated this
section to ensure that it provides meaningful yet
nonoverwhel ming 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 modul e 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
arenot only accessible but al so actionable, empowering patients
with CRC and caregivers to take an active role in symptom
management and care.

Generating Accessible Multimedia Materials Using
GenAl

To enable the accessibility and engagement of educational
materials, CRCWeb incorporates aframework for using GenAl
to develop multimedia content, as shown in Figure 5. This
framework begins by using the PyPDF2 [27] packageto 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 mgjority of the educational
materiasare created by GenAl-powered toolsand subsequently
reviewed by ateam of oncology expertsto ensure accuracy and
relevance before being made avail able 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 GenAl-powered video generation tool, which swiftly
transforms text into engaging video content. These videos
provide an aternative 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 transcriptsthat offer the same
content in written form.
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In the content section, CRCWeb presents text-based materials
adapted from national guidelinesfor each topic. To ensurethese
materials are concise and easy to understand, as per design
principle 3, ChatGPT is tasked with summarizing guideline
documentsinto 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 userswith vision impairments or reading difficulties.
To prevent the tags from being read aloud, we use regular
expressionsto 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
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together. These activities are designed to reinforce the key
concepts covered in the module and are structured to be easy
toimplement in daily routines. User feedback on these activities
is collected through a rating system, which alows 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, hel ping participantsreinforce the
knowledge they learned from the module.

By integrating GenAl with expert review and accessibility
features such asvideo, 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 GenAl 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
itinto avideo alongside a pleasant human reading voice. GenAl: generative artificial intelligence.
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Performance Evaluation of Large L anguage M odels
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 havelargelanguage models (LLMs) produce content at alow
reading 