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Table 2. Summary of studies 
	No.
	Author(s) and Year
	Title of the Article
	Summary of Methodology
	Summary of Results

	1
	Gerhards, Weber, Bittner, & Fangerau, 2020
	Machine Learning Healthcare Applications (ML-HCAs) Are No Stand-Alone Systems but Part of an Ecosystem – A Broader Ethical and Health Technology Assessment Approach is Needed [1]
	A critique and analysis of the pipeline framework by Char, Abramoff, and Feudtner, focusing on ethical evaluation and context-dependency of ML-HCAs within the healthcare ecosystem.
	Highlights CERA's shift towards LMICs and emerging economies, addressing global health financing bottlenecks and the role of AI in health economics. Emphasizes challenges like donor aid contraction and NCD burden in LMICs, advocating for sustainable health policy solutions.

	2
	Trowman R, Migliore A, Ollendorf DA (2023)
	Health technology assessment 2025 and beyond: lifecycle approaches to promote engagement and efficiency in health technology assessment[2]
	Summarized discussions from the 2022 HTAi Global Policy Forum (GPF) and HTAi Annual Meeting panel sessions. Reviewed lifecycle HTA approaches, focusing on stakeholder engagement, evidence generation, and information sharing across premarket, postmarket, and disinvestment phases.
	Advocated for adopting a lifecycle HTA approach, emphasizing collaboration, patient involvement, core outcome sets, and the use of big data. Highlighted the need for prioritization, agile frameworks, and stronger integration of postmarket and disease-based reassessments.

	3
	Antal Zemplényi et al. (2023)
	Recommendations to overcome barriers to the use of artificial intelligence-driven evidence in health technology assessment[3]
	Surveyed experts from Central and Eastern European (CEE) countries to identify barriers to AI adoption in HTA. Developed recommendations addressing human, regulatory, data, and technological barriers. Conducted workshops with HTA experts and decision-makers to validate these recommendations.
	Highlighted the need for regulatory upgrades, political commitment, and infrastructure development to integrate AI-driven evidence into HTA. Emphasized improving awareness, data management, and AI infrastructure to maximize AI's potential in HTA processes.

	4
	Kevin Lu et al. (2021)
	Big Data and Real-World Data based Cost-Effectiveness Studies and Decision-making Models: A Systematic Review and Analysis[4]
	A systematic review of 70 cost-effectiveness analysis (CEA) studies using big data and real-world data (RWD). Compared characteristics and methodologies of CEAs with and without decision-analytic models.
	Highlighted the increasing use of RWD in CEAs but found limited studies based on big data. Recommended controlling confounders and using discounting in long-term research, particularly when decision-analytic models are not employed.

	5
	Ya-Chen Tina Shih & Lei Liu (2020)
	Use of Claims Data for Cost and Cost-Effectiveness Research[5]
	Reviewed analytical methods for using administrative claims data in cost-of-illness, cost comparison, and cost-effectiveness research. Explored methodologies such as the phase of care approach, propensity score matching, and net benefit regression.
	Highlighted the value of claims data for economic evaluations in healthcare, particularly in oncology. Recommended familiarization with relevant analytical methods to ensure rigor and accuracy, while addressing methodological challenges.

	6
	Bonander & Svensson (2021)
	Using Causal Forests to Assess Heterogeneity in Cost‐Effectiveness Analysis
	This article introduces a data-driven method employing causal forests and cross-fitted learning for analyzing heterogeneity in cost-effectiveness. The method analyzes individual-level outcomes, costs, and net monetary benefits using an R package.
	Causal forests are suitable for large datasets and can uncover new patterns of heterogeneity. However, they may underperform in small samples and struggle with modeling smooth patterns. Suggested as a complement to traditional methods, with potential for improvement using Bayesian approaches and integration of individual-level data.

	7
	Carmen María Yago & Francisco Javier Díez (2023)
	DESnets: A Graphical Representation for Discrete Event Simulation and Cost-Effectiveness Analysis[6]
	Developed a new formalism called DESnets for cost-effectiveness analysis (CEA) using discrete event simulation (DES). Compared its implementation as an OpenMarkov plug-in against six other tools using the NICE osteoporosis model as an example.
	DESnets simplify creating and evaluating DES models without programming expertise. They outperform most alternative tools in ease of use, transparency, and efficiency, but further work is needed for integration into existing tools like DICE to increase acceptance among HTA agencies.

	8
	Dominique J. Monlezun (2023)
	Percutaneous Coronary Intervention Mortality, Cost, Complications, and Disparities after Radiation Therapy: Artificial Intelligence-Augmented, Cost Effectiveness, and Computational Ethical Analysis[7]
	A multi-year analysis using AI-augmented propensity score methods on a nationally representative inpatient dataset. Evaluated PCI outcomes, costs, and disparities post-radiation therapy, analyzing 5 years of data.
	Identified significant disparities in PCI access and outcomes post-radiation therapy, particularly among vulnerable groups. Suggested equitable PCI provision to improve population health, reduce costs, and address ethical disparities.

	9
	William V. Padula et al. (2018)
	Value of hospital resources for effective pressure injury prevention: a cost-effectiveness analysis[8]
	A cost-utility analysis using Markov modeling with a 1-year horizon. Evaluated the Braden Scale and machine learning-simulated prevention strategies for hospital-acquired pressure injuries (HAPIs). Incorporated data from 34,787 hospital encounters.
	Found prevention of HAPIs for all patients to be cost-effective, with an ICER of $2000–$2142/QALY. Advocated for investment in nursing compliance, technology, and quality improvement to enhance prevention efforts and reduce hospital-acquired conditions.

	10
	Sarah Wordsworth et al. (2018)
	Using “Big Data” in the Cost-Effectiveness Analysis of Next-Generation Sequencing Technologies: Challenges and Potential Solutions[9]
	Challenges in integrating big data with cost-effectiveness analyses (CEAs) of next-generation sequencing (NGS). Explored observational datasets and cohort studies linked to genomic data. Proposed strategies to address methodological and practical issues.
	Recognized the promise of genomic big data in CEAs for NGS, emphasizing its potential for informing health care sustainability. Highlighted challenges in using observational big data and encouraged methods development to enhance evaluations.

	11
	Juzwishin et al. (2018)
	Aging and health technology assessment: an idea whose time has come[10]
	Discussions at HTAi 2016 and 2017 panels with participants from five countries. Themes included unmet needs of older adults, differences in aging-related technology assessment, and involvement of caregivers in HTA processes.
	Emphasized the engagement of older adults in HTA processes and the integration of real-world data from health information systems to improve evaluations of aging-related technologies. Highlighted the need for patient-centric HTA approaches.

	12
	Lytske Bakker et al. (2020)
	The potential of real‑time analytics to improve care for mechanically ventilated patients in the intensive care unit: an early economic evaluation[11]
	A cost-effectiveness model combining a decision tree and Markov model using hospital data and literature. Evaluated real-time analytics to identify ineffective effort events (IEEVs) in mechanically ventilated patients.
	Found that real-time analytics can reduce mortality (by 3%) and improve quality-adjusted life years (0.21 per patient) while saving €264–€1,155 per patient. Recommended further clinical assessments, especially in high-cost ICU settings.

	13
	Mihajlo Jakovljevic et al. (2020)
	Cost‑effectiveness and resource allocation (CERA) 18 years of evolution: maturity of adulthood and promise beyond tomorrow[12]
	Reviewed the evolution of the "Cost Effectiveness and Resource Allocation" journal over 18 years. Highlighted major challenges and advancements in health economics and resource allocation. Discussed global health policy needs, including the burden of NCDs.
	Emphasized the interdisciplinary growth of health economics and its role in addressing global health system challenges. Advocated for innovation in E-Health, equitable health financing, and solutions for the rising costs of pharmaceuticals to ensure sustainable healthcare.

	14
	aqi Li et al. (2017)
	A doubly robust approach for cost–effectiveness estimation from observational data[13]
	Proposed a novel doubly robust estimator for cost–effectiveness measures such as ICER and NMB using propensity scores. Incorporated cost history, time-varying covariates, and machine learning for enhanced accuracy. Applied to SEER-Medicare lung cancer data.
	Demonstrated robustness of the proposed method even under model mis-specifications. Recommended simple weighted estimators for computational efficiency and suggested sensitivity analyses to address unmeasured confounders.

	15
	Attasit Srisubat et al. (2023)
	Cost-Utility Analysis of Deep Learning and Trained Human Graders for Diabetic Retinopathy Screening in a Nationwide Program[14]
	A decision tree-Markov hybrid model to evaluate the cost-utility of deep learning (DL) versus trained human graders (HG) for diabetic retinopathy screening in Thailand's national program. Conducted sensitivity analyses to assess parameter impacts.
	Found that DL screening is cost-effective, with societal cost-savings and similar health outcomes compared to HG. Recommended DL adoption in middle-income countries to address limited human resources for primary screening.

	16
	Hae-Young Park et al. (2023)
	Cost-Effectiveness of All-Oral Regimens for the Treatment of Multidrug-Resistant Tuberculosis in Korea: Comparison With Conventional Injectable-Containing Regimens[15]
	A health economic analysis over a 20-year horizon using a combined decision tree and Markov model. Compared cost-effectiveness of oral longer-course regimens with conventional injectable-containing regimens for MDR-TB patients.
	Demonstrated that the all-oral regimens for MDR-TB are cost-effective, with an ICER of 19,674 USD/QALY, and are expected to improve patient outcomes and treatment compliance. Advocated for their adoption as a replacement for injectable-containing regimens.

	17
	Hazel Squires et al. (2023)
	The long-term effectiveness and cost-effectiveness of public health interventions; how can we model behavior? A review[16]
	Reviewed methods across disciplines for incorporating behavior within simulation models, including econometric analyses, structural equation models, data mining, and agent-based modeling. Identified 22 studies quantifying behavioral theories.
	Emphasized the role of social norms and networks in behavior change. Advocated for using agent-based models and multidisciplinary approaches to improve health economic modeling. Highlighted the importance of addressing behavioral risk factors and providing guidelines for modelers.

	18
	Giorgio Mannarini et al. (2021)
	What If. . .? Pandemic policy-decision-support to guide a cost-benefit-optimised, country-specific response[17]
	Developed a deep learning algorithm, "What If…?", using reinforcement learning to guide pandemic policy decisions. Leveraged a global data stream (04/2020–06/2021) from 116 countries to analyze COVID-19 mitigation policies.
	Demonstrated that the algorithm can significantly optimize policies, achieving better R-value reduction and lower economic costs (UE rate). Suggested its adaptation for future health crises and release as an open-source tool.

	19
	Jakovljevic et al., 2020
	Cost-effectiveness and resource allocation (CERA): 18 years of evolution – maturity of adulthood and promise beyond tomorrow[18].
	Editorial overview analyzing the evolution of CERA journal over 18 years, with a focus on global health economics and resource allocation.
	Highlights CERA's shift towards LMICs and emerging economies, addressing global health financing bottlenecks and the role of AI in health economics. Emphasizes challenges like donor aid contraction and NCD burden in LMICs, advocating for sustainable health policy solutions.

	20
	Alexander Goehler & G. Scott Gazelle (2014)
	Examining the Use of Comparative and Cost-Effectiveness Analyses in Radiology[19]
	Explored principles of comparative and cost-effectiveness analyses in radiology. Reviewed exemplary studies to identify methods for value demonstration, including clinical decision support and data mining applications.
	Highlighted the need for a paradigm shift in radiology to focus on robust evidence generation for new imaging technologies. Suggested adopting tools like standardized reporting and intelligent data mining to improve clinical outcomes and resource efficiency.

	21
	Kathryn A. Phillips et al. (2018)
	“What Goes Around Comes Around”: Lessons Learned from Economic Evaluations of Personalized Medicine Applied to Digital Medicine[20]
	A structured review of economic evaluations for personalized and digital medicine. Focused on challenges and opportunities, particularly for digital biomarker technologies and multigene tests. Explored gaps in effectiveness evidence and methodological standards.
	Identified critical challenges, including lack of effectiveness evidence and inconsistent terminology. Advocated for standardized frameworks and methodologies to evaluate digital medicine's economic value. Highlighted personalized medicine experiences as a guide for digital medicine.

	22
	Ying Lin et al. (2019)
	Cost-Effectiveness Analysis of Prognostic-Based Depression Monitoring[21]
	Developed a decision-support framework integrating prognostics, monitoring strategy design, and cost-effectiveness analysis. Simulated adaptive monitoring for depression treatment using EHR data and various predictive models (e.g., logistic regression, Markov models).
	Identified cost-effective prognostic-based monitoring strategies that outperform routine methods. Advocated for adaptive strategies to improve resource allocation and clinical outcomes, while highlighting limitations in long-term outcome estimation.

	23
	Zhengli Wang et al. (2020)
	A cost-effectiveness analysis of the number of samples to collect and test from a sexual assault[22]
	Used data from the San Francisco Police Department to develop a machine learning model embedded within an optimization framework. Evaluated policies for selecting and testing probative samples from sexual assault kits (SAKs) under budget constraints.
	Demonstrated that machine learning significantly enhances the identification of probative samples, increasing CODIS yield by 45.4% without raising costs. Advocated for full sample testing in SAKs and highlighted potential gains with real-time optimization during forensic examinations.

	24
	ingyuan Wang et al. (2023)
	The Diagnosis of Malignant Pleural Effusion Using Tumor-Marker Combinations: A Cost-Effectiveness Analysis Based on a Stacking Model[23]
	Evaluated the diagnostic accuracy of tumor-marker combinations for malignant pleural effusion (MPE) using a stacking ensemble machine learning model. Analyzed cost-effectiveness through a novel C-score metric considering AUC and costs.
	The PE.CEA marker offers an affordable and accurate diagnostic option for economically constrained patients (AUC: 0.902). The C9 combination achieves the highest accuracy (AUC: 0.946) and is suitable for affluent patients. Recommended C7 for balancing cost and effectiveness.

	25
	Muhammad Noman Sohail et al. (2019)
	A hybrid Forecast Cost Benefit Classification of diabetes mellitus prevalence based on epidemiological study on Real-life patient’s data[24]
	Applied J48 decision-making classifier on Weka to analyze invasive and non-invasive features of 251 patients. Used regression forecast to identify cost/benefit in diabetes prevalence. Data were collected from seven hospitals in Pakistan.
	Demonstrated that J48 classifiers achieved high accuracy (99.28%) and practical predictions for diabetes screening at an early stage. Supported use for non-invasive tests and educational programs to mitigate diabetes prevalence.

	26
	Matthew Franklin & Joanna Thorn (2019)
	Self-reported and routinely collected electronic healthcare resource-use data for trial-based economic evaluations: the current state of play in England and considerations for the future [25]
	Analyzed the strengths and limitations of self-reported versus routinely collected electronic healthcare resource-use data for trial-based economic evaluations in England. Discussed potential and current challenges of both methods.
	Concluded that while electronic datasets offer reliability and standardization for hospital care analysis, current integration challenges make self-reported data preferred for broader resource-use evaluations. Advocated for improved data sharing and integration.

	27
	Patrick Fahr et al. (2019)
	A Review of the Challenges of Using Biomedical Big Data for Economic Evaluations of Precision Medicine[26]
	A literature review of 19 articles (2000–2018) to identify challenges in using biomedical big data (BBD) for economic evaluations of precision medicine. Explored issues in data management, quality, and analysis.
	Highlighted challenges like missing data, dynamic datasets, and opaque access procedures. Emphasized the importance of interdisciplinary collaboration and solutions testing to leverage BBD for health economic evaluations in precision medicine.

	28
	Joan Brown et al. (2021)
	Clinical Data Extraction During Public Health Emergencies: A Blockchain Technology Assessment[27]
	A technical and legal assessment for extracting data from EHRs and securely transmitting it to the FDA blockchain. Explored readiness of healthcare institutions and tested data transmission over blockchain infrastructure.
	Demonstrated feasibility of blockchain for secure multisite healthcare data sharing during public health emergencies. Identified technological and regulatory challenges, suggesting further evaluations to scale the approach effectively.

	29
	Nalin Payakachat et al. (2016)
	National Database for Autism Research (NDAR): Big Data Opportunities for Health Services Research and Health Technology Assessment[28]
	Described the scope, structure, and value of NDAR, a research data repository integrating biomedical, clinical, and behavioral data for autism research. Highlighted its role in health services research (HSR) and health technology assessment (HTA).
	Identified NDAR as a premier big data resource growing to include mental illnesses and brain disorders. Advocated for its use in research collaboration and generating evidence for the implementation of autism interventions.

	30
	Line Farah et al. (2023)
	Are current clinical studies on artificial intelligence-based medical devices comprehensive enough to support a full health technology assessment? A systematic review[29]
	A systematic literature review (2016-2021) based on PRISMA methodology to evaluate studies on AI-based medical devices. Assessed study characteristics, algorithms, comparators, and HTA compliance. Used scoring models to assess AI quality and HTA alignment.
	Clinical studies on AI-based MDs fail to sufficiently meet HTA criteria, especially in safety, economic evaluation, and organizational impacts. Recommended adapting HTA frameworks to address AI's unique challenges in interpretability, cybersecurity, and ongoing updates.

	31
	Jean-Christophe Bélisle-Pipon et al. (2021)
	What Makes Artificial Intelligence Exceptional in Health Technology Assessment? [30]
	A systematic literature review to identify challenges posed by AI health technologies (AIHTs) in HTA, emphasizing five dimensions of "exceptionalism," including technological features, systemic impacts, and ethical constraints.
	Emphasized the exceptional nature of AIHTs, highlighting new challenges for HTA related to ethics, evaluation, and broader systemic impacts. Advocated for adapting HTA processes to address these unique dimensions and ensure effective integration of AI into healthcare.

	32
	Petar Radanliev et al. (2021)
	The ethics of shared Covid‑19 risks: an epistemological framework for ethical health technology assessment of risk in vaccine supply chain infrastructures[31]
	Reviewed methodologies and guidelines related to ethical aspects of IoT applications in supply chains. Developed an epistemological framework for ethical awareness, transparency, and accountability in shared vaccine supply chains. Verified findings through expert interviews and workshops with industry leaders.
	Proposed a framework to enhance ethical awareness and accountability in IoT-integrated supply chains, focusing on vaccine security during Covid-19. Recommended joint decision-making for cyber risk assessments involving all supply chain participants.

	33
	assane Alami et al. (2020)
	Artificial Intelligence and Health Technology Assessment: Anticipating a New Level of Complexity[32]
	Presented a structured viewpoint using the HTA core model to identify systemic, clinical, and ethical issues of AI integration in health systems. Highlighted challenges in evaluating AI within real-world health contexts.
	Emphasized the importance of holistic evaluations beyond technical performance to assess AI's value in health systems. Proposed early dialog among stakeholders and iterative approaches to address AI's complexities and promote informed decision-making.

	34
	Konstantin Tachkov et al. (2023)
	Barriers to Use Artificial Intelligence Methodologies in Health Technology Assessment in Central and East European Countries[33]
	Identified barriers to AI adoption in HTA in Central and Eastern Europe using a scoping literature review and focus group discussions. Barriers include methodological, technological, regulatory, and human factors.
	Highlighted diverse barriers to using AI-based evidence in HTA, emphasizing the need for expert input, adaptations to address these challenges, and dissemination of practical AI tools for effective HTA decision-making.

	35
	Segur-Ferrer et al. (2022)
	Methodological Frameworks and Dimensions to Be Taken Into Consideration in Digital Health Technology Assessment: Protocol for a Scoping Review[34]
	This article outlines a scoping review protocol aimed at identifying global methodological frameworks for assessing digital health technologies. It uses thematic analysis and PRISMA-ScR guidelines to extract and analyze key dimensions from the literature.
	The study seeks to bridge a gap by identifying essential dimensions for evaluating digital health technologies, contributing to the development of a comprehensive methodological framework for health care systems to assess such technologies effectively.

	36
	Milou Amber Hogervorst et al. (2022)
	Uncertainty management in regulatory and health technology assessment decision-making on drugs [35]
	Six online discussions among interdisciplinary working group members. Methods included outputs from a scoping review, two literature-based case studies, a survey, and application of guidance to a real-world case study.
	Developed a systematic approach and checklist to identify and manage uncertainties in the regulatory-HTA interface. Highlighted potential to improve transparency and consistency in decision-making through multistakeholder collaboration.

	37
	Simon Briscoe (2013)
	Web searching for systematic reviews: a case study of reporting standards in the UK Health Technology Assessment programme[36]
	Assessed the reporting of web searching in systematic reviews from the UK HTA programme (2004-2013). Designed a data-extraction checklist to evaluate search reporting standards, focusing on elements like search engines, terms, and URLs.
	Found most web search reporting lacked transparency and reproducibility. Recommended adherence to CRD guidance to enhance reporting standards, noting challenges in achieving reproducibility due to changing online resources.

	38
	James Love-Koh et al. (2024)
	The future of precision medicine: potential impacts for health technology assessment[37]
	Pragmatic literature search and 13 expert interviews to explore the development and implications of precision medicine on HTA processes over the next decade. Three key PM innovations were identified: complex algorithms, digital health applications, and ‘omics’-based tests.
	Precision medicine will transform healthcare delivery and evaluation, necessitating adjustments to HTA methods. Challenges include managing uncertainties, incorporating biomarker data, and adapting to AI-based technologies, with an emphasis on maintaining value-for-money assessments.

	39
	Rebecca Trowman et al. (2019)
	Burning issues in health technology assessment and policy making[38]
	Reflected on discussions from HTAi Global Policy Forum sessions (2018-2019) focusing on stakeholder involvement, globalization of HTA, and future challenges like data integration and innovative technologies.
	Addressed the need for multi-stakeholder collaboration, global consistency, and improved understanding of HTA among external stakeholders to ensure evidence-based decision-making while adapting to new data and technological trends.

	40
	M. Sazzad Hussain et al. (2024)
	Technology assessment framework for precision health applications[39]
	Scoping literature review through PubMed and Google Scholar, selecting 12 articles focusing on metrics and frameworks applicable to precision health contexts, including AI-driven innovations like wearable sensors and apps.
	Proposed a comprehensive framework with criteria for assessing AI-integrated precision health technologies. Emphasized the importance of safety regulations, evidence-based standards, and adaptability in implementing health innovations.
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