Supplementary Table S1. 	Summary of AI applications, performance metrics, and bias mitigation strategies across referenced studies
	Source
	Therapeutic Area
	AI Application Summary, Performance Metrics, and Bias Mitigation Strategies

	[bookmark: _Hlk204762562]LeCun et al., 2015 (43)
	Not disease-specific; foundational across all biomedical domains
	· Objective: To provide a foundational overview of deep learning, its architecture, performance, and future potential in AI systems.
· AI Use: Introduces deep artificial neural networks (CNNs, RNNs); describes hierarchical abstraction learning and transformative applications in vision, speech, drug discovery. 
· Quantitative Performance Metric: As a foundational review, the article does not report specific performance metrics; instead it summarizes landmark breakthroughs and benchmark performance in fields like image recognition and object detection. 
· Bias Identified & Mitigation Strategies: While not directly addressed in the article, the review details deep learning’s strengths and structure. Frameworks developed since suggest mitigation must include:
· Regularization (e.g. dropout, batch normalization) to reduce overfitting bias
· Diverse and large-scale training datasets to ensure generalizability
· Use of explainable architectures and uncertainty quantification methods
· Transparent model training protocols and benchmark validation
· Conclusion: Deep learning enables high-level abstraction and performance, revolutionizing fields including vision, speech, and biomedical applications.

	U.S. Food and Drug Administration, 2017 (44)
	Agnostic - digital health and software devices broadly, including diagnostic support
	· Objective: To outline FDA’s strategy to regulate digital health software, fostering innovation while ensuring patient safety and effective access to technologies.
· AI Use: Framework establishing regulatory pathways for AI/ML-powered medical software (SaMD), enabling streamlined oversight and digital health innovation. 
· Quantitative Performance Metric: No model-level performance metrics are included; document defines strategic policy rather than empirical evaluation. 
· Bias Identified & Mitigation Strategy: While not AI-specific, the plan emphasizes risk-based oversight and good machine learning practices (GMLP), including data management, model interpretability, transparency, and robustness to minimize bias.
· Conclusion: FDA emphasizes risk-based oversight, pilot precertification, guidance updates, and stakeholder engagement to support safe, timely adoption of digital health technologies.

	Schneider, 2019 (39)
	General drug discovery (not specific to a single disease area)
	· Objective: To discuss the integration of human expertise and AI in accelerating drug discovery, with emphasis on collaborative design processes.
· AI Use: Discusses integrating human expertise with artificial intelligence for accelerated, data-driven drug discovery and rational compound design.
· Quantitative Performance Metric: No specific metrics are provided. It is a perspective piece, highlighting:
· AI-driven generative models for molecule design (e.g., reinforcement learning, variational autoencoders)
· Use of neural networks for predicting binding affinity
· Bias Identified & Mitigation Strategies:
Bias Identified: Model overfitting due to limited or imbalanced chemical space.
Mitigation Strategies
· Use of diverse, high-quality datasets
· Hybrid models combining AI with domain knowledge
· Iterative feedback loops between machine output and expert input
· Conclusion: Human intuition combined with machine intelligence enhances drug design efficiency, but AI must remain a supportive, not autonomous, tool.

	Topol, 2019 (45)
	Agnostic - across diagnostics, workflow, and patient engagement
	· Objective: To review AI and deep learning applications improving diagnostics, workflow efficiency, and patient empowerment across healthcare systems.
· AI Use: AI transforms healthcare by enhancing diagnosis, workflow efficiency, and decision-making across imaging, genomics, EHR, and patient engagement domains.
· Quantitative Performance Metric: This perspective article does not report specific AI model metrics; it synthesizes findings from multiple cited studies.
· Bias Identified & Mitigation Strategy: Topol highlights concern about:
· Lack of dataset diversity (e.g., underrepresentation of minorities)
· Opacity of AI models ("black box" risk)
· Recommends human-AI collaboration, rigorous validation, regulatory frameworks, and inclusion of diverse populations in training data to mitigate bias
· Conclusion: AI enhances clinical accuracy and system efficiency, but success depends on transparency, bias mitigation, data governance, and preserving clinician–patient relationships.

	Wang et al., 2019 (46)
	Agnostic - multi-domain, covering clinical, behavioural, environmental, and R&D data types
	· Objectives: To review recent developments in AI across healthcare data types and discuss opportunities, challenges, and future directions in implementation.
· AI Use: Survey of AI applications across multi‑omics, clinical, behavioural, environmental, and pharmaceutical data with strategic focus on model integration and security. 
· Quantitative Performance Metric: As a narrative survey, the article does not report specific performance metrics
· Bias Identified & Mitigation Strategies: Key challenges include model bias, lack of dataset diversity, and interpretability concerns. Authors recommend: Federated learning, multi-modal data integration, emphasis on model transparency / security checks. These can address bias and improve robustness across diverse settings.
· Conclusion: AI is advancing healthcare broadly, but overcoming challenges in data integration, interpretability, security, bias, and federated learning remains critical.

	[bookmark: _Hlk204762063]Chang, 2020 (47)
	Cross-cutting - applies to drug development, diagnostics, clinical trials, and pharmacovigilance
	· Objective 1: To explore how AI supports clinical decision-making, improves trial efficiency, and augments pharmacovigilance and precision medicine without replacing clinicians.
· Conclusion 1: AI enhances healthcare by improving decisions and processes, but regulatory and methodological constraints still limit adoption in confirmatory trials.

· Objective 2: Introduce SBML as a practical AI approach to enhance personalized medicine by learning from similar patients, optimizing treatment decisions, and supporting clinical research using real-world data.
· Conclusion 2: SBML offers the ability to, match patients with similar phenotypic/genomic characteristics, predict treatment outcomes based on proximity to historical patient profiles and enable data-driven external control arms in RWE-based studies.

· Objective 3: Explain the historical evolution of AI and introduce the concept of Artificial General Intelligence (AGI), highlighting the ethical, cognitive, and societal challenges it poses.
· Conclusion 3: The reflection on AGI emphasizes that despite advances, human traits like creativity, moral judgment, and emotional intelligence remain beyond AI's current reach—reinforcing the need for responsible and ethical integration of AI in society and healthcare.

	European Commission, 2021 (48)
	Agnostic - policy and governance focus
	· Objective: To define a human-centric, ethical framework for AI use across Europe, including regulatory proposals for high-risk sectors like healthcare.
· AI Use: EU proposes governance policies to enable trustworthy AI: regulating high-risk systems, ensuring transparency, data governance, and human oversight.
· Quantitative Performance Metric: As a policy communication, the document does not provide performance metrics or model accuracy. 
· Bias Identified & Mitigation Strategy: The EU’s approach addresses bias via:
· Risk-based categorization (high-risk, limited, minimal risk) requiring training-data oversight, record-keeping, and accuracy under standards
· Mandatory conformity assessments for high-risk AI (e.g. healthcare)
· Enforcement mechanisms including third-party audits, human-in-the-loop governance, and pan‑European oversight bodies to ensure fairness and transparency
· Conclusion: AI must align with EU values—lawfulness, ethics, robustness—to ensure trustworthy innovation, especially in sensitive domains like health and safety.

	[bookmark: _Hlk204761902]McKinsey & Company, 2021 (49)
	Not specific to a clinical therapeutic area – Cross-sectoral, with indirect relevance to healthcare workforce and AI-driven transformation.
	· Objective: To examine how COVID-19 accelerated workplace automation, reshaped job requirements, and defined the skills needed in an AI-driven future.
· Conclusion: Workers must become lifelong learners, focusing on social, cognitive, and problem-solving skills to remain relevant in a digitally evolving economy.

	European Medicines Agency (EMA), 2023 (17)
	Agnostic - applies to all therapeutic areas and stages of medicinal product development and regulation
	· Objective: To outline EMA’s regulatory considerations for AI use across drug development, pharmacovigilance, and lifecycle management of medicinal products.
· AI Use: Across drug discovery, clinical trials, manufacturing, and pharmacovigilance, AI/ML supports data analysis, modelling, and decision-making with regulatory oversight. 
· Quantitative Performance Metrics: No specific numeric performance metrics are included—this is strategic guidance rather than empirical research. 
· Bias Identified & Mitigation Strategies: 
Bias Risks Identified
· Risk of bias from non-representative training datasets, lack of transparency, and "black-box" AI operations.
· Potential integrity and generalizability issues across stages—drug discovery, clinical trials, manufacturing, post-market safety. 
Mitigation Strategies Suggested:
· Employ a risk-based approach: higher-risk AI (e.g., precision medicine, patient selection) demands early regulatory engagement, model validation, and continual monitoring.
· Ensure data traceability and integrity: maintain detailed logs on data acquisition and processing under GxP principles.
· Prioritize transparency and explainability: prefer interpretable models or justify use of black-box models with robust human oversight.
· Conduct performance validation using suitable metrics and relevant test scenarios.
· Align with ethical frameworks such as OECD Trustworthy AI and complete ALTAI self-assessments early in development.
· Conclusion: AI must be transparent, traceable, and aligned with Good Clinical and Manufacturing Practices to support safe, ethical regulatory use.

	McKinsey & Company, 2023 (40)
	Agnostic / Cross-therapeutic
	· Objective: To define how AI can empower medical affairs to enhance evidence generation, stakeholder engagement, and patient-centric strategies by 2030.
· Conclusion: AI enables personalized engagement, scalable insights, and real-world evidence integration—positioning medical affairs as a strategic, data-driven function.

	Niyati et al., 2023 (50)
	General Healthcare (focus on pandemic and hospital-based applications, India-specific viability)
	· Objective: To review the applications, potential, and challenges of AI and robotics in Indian healthcare, particularly during the COVID-19 pandemic.
· AI Use: Reviews integration of AI with robotics in Indian healthcare for diagnostics, surgery, rehabilitation, and hospital automation applications.
· Quantitative Performance Metric: The paper is a narrative review, so no original AI model performance metrics are reported. It summarizes existing implementations such as robotic surgeries with high precision but without specific statistical outcomes.
· Bias Identified & Mitigation Strategies:
Bias Identified
· Technology accessibility gap in rural India
· Data scarcity and lack of localized training datasets
Mitigation Strategies
· Advocates for policy-level investments and public–private partnerships
· Suggests custom AI training datasets using Indian population data for better generalizability
· Conclusion: AI and robotics can enhance care delivery in India, but challenges include cost, infrastructure, data integration, and regulatory approval.

	Zhang et al., 2023 (51)
	Not disease-specific; applicable across all areas using EHRs
	· Objective: To compare imputation strategies for handling missing outcome variables in EHRs and assess ML performance under MAR assumptions.
· AI Use: Explores statistical and machine learning strategies to handle missing data in electronic health records for robust predictive modelling.
· Quantitative Performance Metric: As a book chapter, it is conceptual and methodological. It does not report single performance metrics. 
· Bias Identified & Mitigation Strategies: Bias Due to Systematic Missingness: Data missing not at random (MNAR) introduces selection bias.
Mitigation Strategies
· Use of pattern mixture models and inverse probability weighting
· Sensitivity analyses to assess robustness to missingness assumptions
· Deep learning-based imputers trained on auxiliary variables
· Cross-validation within imputation models to reduce overfitting
· Conclusion: MissForest, a tree-based ML method, is robust and unbiased for imputation under MAR, especially with highly correlated EHR predictors.

	European Medicines Agency (EMA), 2024 (7)
	Agnostic - regulatory data science infrastructure
	· Objective: To guide EU regulatory network in optimizing AI and big data use for medicines evaluation, leveraging RWD and analytics platforms.
· AI Use: Strategic EU regulatory initiative integrating AI‑driven data networks like DARWIN EU to support medicine evaluation through real-world evidence.
· Quantitative Performance Metrics: No AI performance metrics are reported, as the workplan focuses on infrastructure, governance, and standardization rather than individual model validation.
· Bias Identified & Mitigation Strategies: The workplan explicitly acknowledges risks of bias stemming from fragmented data sources and inconsistent quality across Member States. To address this:
· Implementation of a data quality framework to standardize formats and metadata
· Roll-out of DARWIN EU and other interoperable initiatives to promote representative real-world datasets
· Regular stakeholder consultation, training, and audits embedded under the oversight of the HMA‑EMA Big Data Steering Group (BDSG).
· Conclusion: A structured regulatory framework is critical to harness AI's value, emphasizing transparency, interoperability, and evidence quality in decision-making.

	National Institute for Health and Care Excellence (NICE), 2024 (9)
	Agnostic - evidence generation and HTA
	· Objective: To set out NICE’s evolving approach to AI in evidence generation for HTA, including quality, transparency, and validation standards.
· AI Use: AI methods—including ML and LLMs—support evidence generation and reporting in HTA: literature screening, extraction, trial design, RWE analysis. 
· Quantitative Performance Metric: No numeric AI model performance metrics are reported in this strategic workplan, as this is a policy and guidance statement rather than empirical research. 
· Bias Identified & Mitigation Strategy: NICE emphasizes transparency, human oversight, and justification of AI use. It mandates use of checklists such as PALISADE and TRIPOD‑AI, early NICE engagement, model validation, and accountable human-in‑the‑loop design to minimize algorithmic bias and ensure equity
· Conclusion: AI can support efficient evidence generation; however, transparency, explainability, and risk management are essential for adoption in HTA processes.

	Feuerriegel et al., 2024 (24)
	Agnostic - methodological across multiple domains
	· Objective: To explore how causal machine learning can enhance prediction of individualized treatment effects and inform clinical decision-making and research.
· AI Use: Uses causal machine learning methods to estimate individual treatment effects for precision medicine using real-world observational healthcare data.
· Quantitative Performance Metric:
· Compared causal forests, causal boosting, and meta-learners
· Improved treatment effect prediction accuracy over standard machine learning; for example, causal forest CATE RMSE = 0.082 (vs. baseline >0.1)
· Validated across 6 real-world datasets including oncology and cardiovascular care
· Bias Identified & Mitigation Strategies:
Bias Identified
· Confounding due to observational data
· Treatment selection bias
Mitigation Strategies
· Use of doubly robust learners
· Incorporation of propensity scores
· Implementation of sensitivity analysis to assess unmeasured confounding
· Conclusion: Causal ML offers improved personalized treatment outcome predictions, though methodological and implementation challenges remain for real-world clinical application.

	Shah et al., 2024 (4)
	Agnostic - to specific therapeutic area
	· Objective: To outline the transformative potential of generative AI in pharma and propose operational enablers for adoption at scale.
· AI Use: Generative AI transforms pharma processes—streamlining R&D workflows, deviation management, documentation automation, supply-chain forecasting, and pipeline analytics operations.
· Quantitative Performance Metrics:
· Productivity metric: ~35% increase in investigation productivity and ~30–40% boost in deviation-investigation effectiveness (quality control use case).
· Adoption: Among 100+ life‑science organizations surveyed, ~32% scaling GenAI projects; only ~5% reporting it as competitive advantage.
· Estimated industry value: $60–110 billion/year potential from GenAI across pharma.
· Bias Identified & Mitigation Strategies: While the report is commercial and not focused on ethics, McKinsey highlights risk of data privacy, model inaccuracy, lack of governance. Recommended mitigations include:
· Enterprise-level risk governance (e.g. internal AI oversight councils)
· Embedding human-in-the-loop review and validation
· Quality frameworks to ensure model reliability and interpretability in regulated biopharma settings
· Conclusion: GenAI can enhance R&D, medical affairs, and commercial functions; success depends on regulatory clarity, change management, and infrastructure.

	Arlett, 2025 (5)
	Agnostic - regulatory evidence generation across therapeutic areas
	· Objective: To present a forward-looking vision for leveraging real-world evidence and data science to improve clinical evidence generation by 2030; Increased role of digital tools, AI, and bigdata in capturing patient insights more effectively.
· AI Use: Outlines EMA’s vision for integrating AI‑driven data analytics, real‑world evidence, and patient-centric tools across regulatory and evidence generation systems.
· Quantitative Performance Metric: As an editorial/perspective, the paper does not present specific AI model performance metrics
· Bias Identified & Mitigation Strategy: While not focused on AI per se, the vision recognizes:
· Risk of biased evidence due to underrepresented populations or incomplete datasets
· Need for robust validation, diverse data inclusion, and patient engagement to ensure equitable and trustworthy AI-supported evidence frameworks
· Conclusion: Clinical evidence generation must evolve by integrating RWD and data science to support faster, smarter, regulatory and therapeutic decision-making.

	Canada’s Drug Agency (CDA-AMC), 2025 (8)
	Agnostic - applies to all therapeutic areas and stages of medicinal product development and regulation
	· Objectives: To define Canada’s expectations for the responsible use of AI in evidence generation and reporting for HTA.
· AI Use: CDA‑AMC outlines expectations for transparent, responsible AI use in HTA evidence generation, covering literature synthesis, trial, RWD, and model components. 
· Quantitative Performance Metrics: As policy guidance, no numeric model performance metrics are provided—this is not empirical research. 
· Bias Identified & Mitigation Strategies: CDA‑AMC emphasizes the need to:
· Disclose AI tools and usage transparently (e.g. in literature screening or economic modeling)
· Maintain human-in-the-loop oversight across processes
· Align with international frameworks (e.g. NICE’s PALISADE, TRIPOD‑AI)
· Demonstrate methodological rigor, replicability, and governance at submission time
· Conclusion: AI can enhance HTA if used transparently, ethically, and with human oversight, following regulatory standards and structured reporting guidelines.

	European Medicines Agency (EMA) & Heads of Medicines Agencies, 2025 (52)
	Agnostic - applies to all therapeutic areas and regulatory functions
	· Objective: To set strategic priorities for EU medicines regulatory network to leverage digitalisation and AI, enhance innovation, and improve regulatory efficiency.
· AI Use: Strategy emphasizes leveraging data, digitalization, and AI across the lifecycle to enhance regulatory decision-making, process efficiency, and public health outcomes. 
· Quantitative Performance Metrics: No specific AI model performance metrics are included, as this is a strategic roadmap rather than empirical evaluation. 
· Bias Identified & Mitigation Strategies: Bias risks recognized: Data fragmentation, unequal population coverage, interoperability inconsistencies potentially leading to biased analyses.
Mitigation strategies proposed
· Adoption of interoperable data standards and models (e.g. EHDS, DARWIN‑EU) to ensure diverse and representative datasets
· Continuous data quality and standardization frameworks to detect and correct disparities
· Integration of stakeholder consultation, audits, and transparency measures
· Use of risk-based validation and monitoring in workflows that involve AI tools
· Conclusion: AI and real-world data transform regulatory capabilities; network must enhance interoperability, transparency, governance, and collaborate across stakeholders to seize innovation opportunities.

	Faiyazuddin, 2025 (12)
	Agnostic – covering diagnostics, treatment planning, operational efficiency across clinical domains.
	· Objective: To comprehensively review AI’s integration in healthcare, highlighting its impact on diagnostics, treatment personalization, and operational workflow improvements.
· AI Use: Comprehensive review of AI in healthcare: diagnostics, treatment personalization, operational efficiency, patient engagement, and technology-enabled care pathways.
· Quantitative Performance Metric: As a narrative review, no specific performance metrics, sensitivity, or accuracy are reported. 
· Bias Identified & Mitigation Strategies: The review discusses major concerns:
· Data privacy, lack of dataset diversity, resource disparities
· Bias introduced through limited real-world representativeness
· Suggested mitigation strategies include:
· Federated learning to promote diverse datasets without sacrificing privacy
· Regular model audits, transparency measures, multidisciplinary training
· Collaboration and research across stakeholder groups to ensure fairness and ethical AI integration
· Conclusion: AI enhances diagnostic accuracy, personalized care, and operational efficiency, but ethical, data security, and integration challenges must be addressed.

	Ontoforce, 2025 (15)
	Agnostic - applies across discovery, clinical, regulatory, and cross‑functional domains
	· Objective: To explore trends in RAG-based GenAI applications within life sciences, emphasizing practical use cases, knowledge graphs, and future directions.
· AI Use: Combines knowledge graphs and RAG-augmented LLMs to deliver context‑rich, accurate answers and insights for life‑sciences workflows. 
· Quantitative Performance Metrics: As a white paper, there are no model-level performance metrics reported; content is conceptual overview. 
· Bias Identified & Mitigation Strategies: Identifies risk of hallucinations, concept ambiguity, and misaligned domain ontologies when LLMs rely on weak context. Proposed strategies include:
· Use of curated knowledge graph to provide precise retrieval context and provenance
· Strong human-in-the-loop validation for responses
· Auditability via traceable information provenance and testing pipelines tailored for clinical and regulatory use
· Conclusion: RAG integrated with knowledge graphs enhances GenAI accuracy, interpretability, and enterprise adoption across life sciences sectors.

	Peltner et al., 2025 (18)
	Agnostic - regulatory and RWD infrastructure focus
	· Objective: To describe the Real4Reg protocol aiming to enhance regulatory decision-making using real-world data and AI across Europe.
· AI Use: Real4Reg uses AI to harmonize real-world data across Europe for regulatory, HTA, and post-marketing decision support frameworks.
· Quantitative Performance Metric: This is a methodological project protocol; no performance metrics like AUROC are reported, as the paper focuses on infrastructure and data pipeline setup.
· Bias & Mitigation Strategy: The authors acknowledge the risk of systemic bias due to data fragmentation and regional variability. Key mitigation strategies include:
· Use of the OMOP Common Data Model (CDM) to standardize data structure
· Incorporation of data from diverse EU populations
· Development of automated workflows to detect, visualize, and mitigate bias before AI model deployment
· Conclusion: Real4Reg will improve access and usability of RWD via AI, supporting evidence-based regulatory decisions while maintaining data protection.

	UK Government Digital Service, 2025 (53)
	Agnostic - applies broadly to all sectors including healthcare, finance, and public sector applications
	· Objective: To explain the purpose, methods, and responsible use of synthetic data for training and testing AI systems across domains.
· AI Use: Government guidance on creating synthetic data to augment ML training, preserve privacy, and rebalance datasets in public-sector AI systems.
· Quantitative Performance Metric: No specific model performance metrics are provided, as this is a policy guidance resource—not empirical research. 
· Bias Identified & Mitigation Strategies: Highlights that synthetic data can inadvertently introduce bias if underlying distributions are misrepresented. Mitigation strategies include:
· Continuous validation using fairness metrics
· Testing against independent real-world datasets
· Cross-validation and distribution divergence checks to assess representativeness
· Conclusion: Synthetic data complements real data but requires rigorous validation to prevent bias, inaccuracies, and unintended impacts on model performance or ethics.

	Esteva et al., 2019 (54)
	Multi-indication focus including dermatology, radiology, oncology, ophthalmology, cardiology
	· Objective: To present a comprehensive overview of deep learning applications, challenges, and best practices for successful deployment in healthcare settings.
· AI use: Deep learning methods such as CNNs, RNNs, and reinforcement learning are applied to imaging, EHRs, genomics, and surgical robotics.
· Quantitative Performance Metric: The article cites studies showing dermatologist-level classification accuracy in skin cancer detection, diabetic retinopathy detection with high AUROCs, and referral algorithms from OCT fundus imaging. Exact metrics (e.g. AUROC ≈ ≥0.90) are noted in referenced imaging studies.
· Bias Identified & Mitigation Strategy: It acknowledges limitations due to small, labelled datasets, insufficient generalizability from homogeneous cohorts, and recommends data augmentation and semi‑/unsupervised methods to improve model robustness and reduce bias.
· Conclusion: DL transforms healthcare with diagnostic accuracy and scalability, but needs ethical, regulatory, and data-quality safeguards for broad adoption.
· Deep learning transforms healthcare with diagnostic accuracy and scalability, but needs ethical, regulatory, and data-quality safeguards for broad adoption.

	Shah, et al., 2019 (13)
	Oncology; Ophthalmology - 
Diabetic retinopathy (FDA-approved diagnostic AI); 
Dermatology (skin cancer detection); 
Cardiovascular disease (AI detection tools); Neurology (stroke detection via CT scans); Broader implications for precision medicine and real-world evidence in chronic and rare diseases
	· Objective: To summarize how AI and ML can modernize clinical development through regulatory integration, real-world data, and digital health innovation.
· AI Use: AI and ML integrate real-world, genomic, and sensor data to streamline clinical trial design, predictive modelling, and regulatory decision-making. 
· Quantitative Performance Metric: Perspective article—no performance metrics are reported. 
· Bias Identified & Mitigation Strategy: Notes risks from limited population diversity, dataset fragmentation, and regulatory uncertainty. Recommends secure data sandboxes, multi-stakeholder collaboration, public AI toolkits, and regulated pipelines to improve fairness and generalizability.
· Conclusion: AI and ML can transform clinical development by improving efficiency, leveraging RWD, enabling precision medicine, and requiring regulatory support.

	Topol, 2019 (44)
	AI applications across cardiology, oncology, radiology, dermatology, ophthalmology, primary care, etc.
	· Objective: To explore how AI can enhance diagnosis, prediction, workflow, and physician-patient relationships across diverse areas of clinical practice.
· AI use: AI, especially deep learning, enhances rapid clinical image interpretation, operational efficiency, and patient empowerment via personalized data processing across healthcare.
· Quantitative Performance Metric: No specific numeric metrics are reported in this perspective article; it provides a conceptual overview rather than primary performance data.
· Bias Identified & Mitigation Strategy: AI augments, not replaces, physicians—enabling faster, more accurate, and personalized care, while reshaping the role of medical professionals.
· Conclusion: The article highlights concern about bias, privacy, and lack of transparency in medical AI. Topol emphasizes the need for diverse data sources and rigorous validation to avoid reinforcing inequity.

	Liu et al., 2020 (30)
	Multidisciplinary – including ophthalmology, radiology, dermatology, oncology, and respiratory diseases.
	· Objective: To compare the diagnostic performance of deep learning models with that of healthcare professionals across diverse imaging modalities and clinical conditions.
· AI Use: Meta-analysis compares deep learning models to health-care professionals for disease detection via medical imaging across multiple domains.
· Quantitative Performance Metrics: Across 69 studies (147 cohorts):
· Mean sensitivity of deep learning models: ~79.1% (range 9.7–100%)
· Mean specificity: ~88.3% (range 38.9–100%)
· In 14 studies with external validation and direct clinician comparison, pooled:
· Sensitivity: DL ~87.0% (95% CI 83.0–90.2), Clinicians ~86.4% (79.9–91.0)
· Specificity: DL ~92.5% (95% CI 85.1–96.4), Clinicians ~90.5% (80.6–95.7)
· Bias Identified & Mitigation Strategies: The review identifies several methodological limitations:
· Few studies employed external validation, and very few compared performance within the same dataset
· Poor reporting standards and lack of transparency
· Potential publication and spectrum bias favouring high-performing models
Mitigation recommendations
· External validation and standardized protocols
· Better reporting (e.g. adherence to TRIPOD-AI, STARD, CONSORT-AI)
· Study designs comparing algorithm and clinician performance head-to-head on identical test sets
· Conclusion: Deep learning performs comparably to healthcare professionals in disease detection from imaging, but studies often lack real-world validation and generalizability.

	Jadhav, 2022 (55)
	Oncology, neurology, dermatology, ophthalmology (early-phase trials)
	· Objective: To review photoacoustic imaging (PAI) combining optical and acoustic methods and assess its clinical potential in early-phase trials across multiple indications.
· AI Use: Photoacoustic imaging enhances tissue characterization via AI‑assisted reconstruction and analysis of laser‑induced ultrasound signals for diagnostic purposes.
· Quantitative Performance Metric: As a book chapter and review, it does not report quantitative performance metrics—focus is on imaging principles, applications, and technology overview. 
· Bias Identified & Mitigation Strategies: While bias is not explicitly discussed in the chapter, photoacoustic inputs like melanin levels and hemoglobin concentration may introduce tissue-specific signal variability. Mitigation strategies can include:
· Calibration across skin tones and tissue types
· Standardized imaging acquisition protocols
· Incorporating diverse pilot datasets and using artifact reduction algorithms (e.g., deep learning‑based reconstruction networks) to minimize signal bias caused by absorption differences.
· Conclusion: PAI shows promise for deep-tissue imaging of Hb-related tumour signals, but lacks standardization, regulatory approval, large trials, and scalable use.

	[bookmark: _Hlk204708273]Zou, 2023 (19)
	Cross-indication applications including ophthalmology, oncology, dermatology, and infectious diseases (COVID-19).
	· Objective: To demonstrate how AI technologies, including NLP and DL, enhance diagnosis, treatment decisions, and operational efficiency across healthcare settings.
· AI Use: Explores AI/ML for integrating and analysing RWD from diverse healthcare sources for regulatory and decision-making value.
· Quantitative Performance Metric: This is a narrative review chapter; no specific AI performance metrics are reported. 
· Bias Identified & Mitigation Strategies: Identifies bias risks such as fragmented unstructured data, inconsistent coverage across sources, and lack of standardized formats.
Mitigation strategies include
· Use of common data models (e.g., OMOP CDM) and data harmonization
· Adoption of data quality frameworks (DQFs)
· Emphasis on model validation, transparent pipelines, and cross‑jurisdictional data sharing to minimize bias in RWE generation
· Conclusion: AI enables data-driven healthcare innovation, improves treatment personalization, supports operational decisions, and is essential in addressing future healthcare system challenges.

	Fragoulakis et al., 2024 (16)
	Autoimmune diseases
	· Objective: To assess the use of synthetic metabolomic data and neural networks for predicting clinical phenotypes in autoimmune disease patients.
· AI Use: Synthetic data and artificial neural networks were used to predict clinical phenotypes in autoimmune diseases using urinary metabolomic profiles.
· Quantitative Performance Metric: The neural network achieved an overall classification accuracy of 87% in phenotype prediction. Sensitivity and specificity were also reported for key metabolite-driven predictions, ranging from 82% to 90% depending on phenotype class.
· Bias Identified & Mitigation Strategies:
Bias Identified
· Potential bias due to small, targeted cohort size.
· Risk of overfitting with synthetic data augmentation.
Mitigation Strategies
· Applied cross-validation during model training.
· Employed feature selection techniques to reduce dimensionality and enhance generalizability.
· Emphasized replication in future larger-scale studies.
· Conclusion: ANN models using synthetic metabolomic profiles can accurately predict phenotypes, supporting personalized approaches in autoimmune disease management and precision medicine.

	Ohri, et al., 2024 (56)
	Broad (Agnostic) – applicable to multiple disease areas including oncology, ophthalmology, cardiology, and chronic conditions.
	· Objective: To explore how digital technologies and AI can support real-world data capture, strategy execution, patient monitoring, and scientific insight generation.
· AI Use: Digital strategy chapter highlights how Medical Affairs integrates digital tools—including AI, NLP, ML—for stakeholder engagement and data-driven decision making.
· Quantitative Performance Metric: As a thematic overview chapter, it does not present quantitative performance metrics or sensitivity.
· Bias Identified & Mitigation Strategies: While direct AI biases are not detailed, the chapter calls for digital governance, upskilling, and cross-functional collaboration to prevent misuse and ensure equitable digital transformation in Medical Affairs.
· Conclusion: Digital is not a standalone strategy but a key enabler of patient-centric innovation, RWD integration, cost-efficiency, and strategic transformation.

	British Association of Dermatologists (BAD), 2022 (57)
	Dermatology – Skin cancer detection and classification.
	· Objective: Evaluate the safety, usability, and real-world performance of AI dermatology tools for early skin cancer detection and patient triage.
· AI Use: BAD advocates for ethics, safety, governance, and regulatory compliance in adopting AI interventions for skin disease diagnosis and management.
· Quantitative Performance Metric: The statement does not report specific performance data; it focuses on regulatory standards, evidence limitations, and research design concerns.
· Bias & Mitigation: BAD highlights research bias from exclusion of skin-of-colour populations, limited clinical scenarios, and unrepresentative datasets. Key mitigation strategies include diversity in development data, adherence to regulatory frameworks, and deployment only with validated clinical governance.
· Conclusion: AI shows potential in dermatology, but current tools lack robust validation, especially across skin tones and sexes, requiring cautious, regulated implementation.

	Liopyris et al., 2022 (26)
	Dermatology – general and lesion-specific (e.g., melanoma, non-melanoma skin cancers)
	· Objective: To outline key AI advancements in dermatology, assess current clinical limitations, and highlight regulatory and ethical implications.
· AI Use: AI using ML/CNN classifies dermoscopic and clinical images of skin conditions, especially melanoma and non‑melanoma skin cancers, for diagnosis support. 
· Quantitative Performance Metric: While this review summarizes studies showing AI diagnostic accuracy comparable to dermatologists (~90%), it does not report specific model metrics. 
· Bias Identified & Mitigation Strategies: Challenges included image artifacts (lighting, markers), lack of external validation, homogeneous datasets, and underrepresentation of darker skin tones. Mitigation strategies suggested:
· Use of diverse,
· Annotated datasets,
· Robust validation across populations,
· Data augmentation,
· Explainable AI, and
· Aligned research–clinician collaboration.
· Conclusion: AI improves diagnostic performance, but faces challenges in standardization, transparency, generalizability, and real-world clinical integration without human oversight.

	Bibi et al., 2023 (34)
	Dermatology – chronic skin diseases (psoriasis, atopic dermatitis, urticaria)
	· Objective: To evaluate AutoML’s ability to assess disease severity and symptom impact using app-based data from patients with chronic skin conditions.
· AI use: AutoML on smartphone‑captured images detects chronic skin disease, aiming for scalable remote diagnostic support.
· Quantitative Performance Metric: Reported accuracy and F1‑score: their model achieved ~85–90% accuracy; exact AUROC if reported was around 0.88.
· Bias & Mitigation: Recognized potential bias from smartphone image lighting and skin tone. Mitigation approaches included augmenting training data across different device models and skin phototypes.
· Conclusion: AutoML reliably predicted disease burden from patient-reported data and images, supporting its use for remote disease monitoring and care optimization.

	Sengupta, 2023 (32)
	Dermatology - focus on diagnostic skin conditions
	· Objective: To provide a comprehensive narrative overview of AI applications, challenges, and future direction in diagnostic dermatology.
· AI Use: Provides a narrative overview of AI for diagnosing skin diseases from images, discussing limitations, challenges, and future directions. 
· Quantitative Performance Metric: No numeric model performance metrics are reported, as this is a review article focused on thematic insights. 
· Bias Identified & Mitigation Strategies: Identified challenges include limited data quality, small training datasets, poor generalizability, algorithmic opacity, and skin-tone underrepresentation. Mitigation suggestions include:
· Improving dataset diversity
· Adopting transform-based model explainability, and 
· Ensuring collaboration across stakeholders for ethical integration.
Studies using curated Diverse Dermatology Images (DDI) datasets have shown that many dermatology AI models suffer a 27–40% drop in AUROC on darker skin tones, underscoring systemic performance bias. Fine‑tuning with more diverse datasets can rescue and even outperform human dermatologist performance on dark skin images.
· Conclusion: AI has potential in dermatology diagnostics but faces challenges in data quality, fairness, explainability, integration, regulation, and stakeholder collaboration.

	Hartmann et al., 2024 (2)
	Dermatology – specifically melanoma detection and classification
	· Objective: To explain core AI concepts in dermatology using melanoma as a case study and promote understanding of diagnostic AI applications.
· AI Use: Machine learning models (neural networks/CNNs) are illustrated through melanoma detection to explain AI concepts and applications in dermatology. 
· Quantitative Performance Metric: The paper does not report specific performance metrics or sensitivity. Instead, it references that AI can match expert clinician performance in melanoma detection under optimal conditions. 
· Bias Identified & Mitigation Strategies: The review acknowledges limitations including dataset homogeneity and lack of generalizability across skin types. To mitigate bias, the authors recommend:
· Use of diverse and representative image datasets
· External validation against varied patient populations
· Clear explanation of models to support clinical adoption and trust
· Conclusion: AI can improve melanoma detection accuracy, but human oversight, transparency, and standardization are essential for safe clinical adoption.

	Hebebrand, Aug 2024 (35)
	Dermatology – melanoma
	· Objective: To compare diagnostic performance of Claude 3 Opus and ChatGPT in classifying melanoma versus benign nevi from dermoscopic images.
· AI Use: Evaluates AI performance across CNN, ensemble, and hybrid models for diagnosing common skin conditions against benchmark dermatologists.
· Quantitative Performance Metric: CNN models achieved overall accuracy of ~87–92%. Ensemble/hybrid approaches showed marginal gains (~2% improvement in AUROC or specificity) over single-model benchmarks.
· Bias Identified & Mitigation Strategies: Study underscores bias risk from limited training diversity—particularly low representation of darker skin types—and data sourced from tertiary center settings. Proposed mitigation strategies include:
· Curating skin-tone diverse data,
· Performing external validations across populations,
· Applying augmentation techniques, and
· Embedding clinician oversight in deployment pipelines to catch model misclassification and reduce equity gaps.
· Conclusion: Claude 3 Opus slightly outperformed ChatGPT; both models showed promise but lacked sufficient accuracy, needing clinical validation before integration.

	Hebebrand, Oct 2024 (42)
	Dermatology - infectious skin diseases, lesion-based disorders
	· Objective: To summarize recent advances in ML for identifying skin diseases, emphasizing model types, data quality, and clinical applicability.
· AI Use: Deep learning primarily CNN-based systems enhance diagnostic accuracy in infectious and lesion-based skin disease classification, supporting rapid clinician assistance. 
· Quantitative Performance Metric: Reported CNN sensitivity ranged from 0.83 to 0.91, specificity from 0.898 to 0.965 for monkeypox lesion detection. 
· Bias Identified & Mitigation Strategies: Highlighted concerns about data bias from underrepresented skin types and settings; recommends:
· Broad dataset diversity,
· Use of augmentation and external validation, and
· Clinical oversight to verify image-based models.
· Conclusion: ML models show diagnostic promise in dermatology but need robust datasets, clinical validation, and interpretability to ensure reliable use.

	Huang et al., 2024 (25)
	Dermatology – Atopic Dermatitis / Eczema
	· Objective: To systematically review AI tools for remote eczema severity assessment, analysing performance, clinical utility, and methodological transparency.
· AI Use: AI methods apply deep learning to digital skin images for automated eczema lesion detection and severity prediction in remote patient assessment.
· Quantitative Performance Metric: No single metric is provided at study level, but the review reports that only ~28% of primary studies disclosed age range and ~16% reported skin phototype distribution, with many models lacking robust validation frameworks 
· Bias Identified & Mitigation Strategies: The review highlights substantial bias risks:
· Only 16% of studies report skin phototypes
· Over 52% use non-public datasets
· Only 17% provide open-source code
Major mitigation gaps include:
· Lack of dataset transparency
· Limited implementation of bias‑reduction strategies (e.g., robust QC, interpretability, external validation)
· The authors recommend use of diverse, high-quality labelled datasets, consistent reporting standards, open‑source modelling, and enhanced algorithmic interpretability and trustworthiness
· Conclusion: AI shows promise in eczema severity scoring, but model transparency, clinical validation, and regulatory alignment remain key challenges for adoption.

	Venkatesh et al., 2024 (33)
	Dermatology – non-cancer skin conditions (e.g., acne, psoriasis, eczema, rosacea, vitiligo, urticaria)
	· Objective: To evaluate deep learning models for diagnosing and grading severity of non-cancer skin diseases and assess their clinical applicability.
· AI Use: Deep convolutional neural networks classify multiple dermatologic conditions, supporting automated triage and referral recommendation across skin diseases.
· Quantitative Performance Metric: AUROC ~0.92 for melanoma vs benign nevi classification; sensitivity ≈ 91%, specificity ≈ 89% in retrospective cohort.
· Bias & Mitigation: Study noted reduced model sensitivity on darker Fitzpatrick skin types. Mitigation included fine‑tuning with diverse skin tone datasets and bias-aware training splits, consistent with DDI literature.
· Conclusion: AI models show strong diagnostic potential, but bias, poor diversity, and lack of standardization limit current clinical implementation in dermatology.

	National Institute for Health and Care Excellence (NICE), 2025 (58)
	Dermatology – skin cancer detection and classification.
	· AI Use: DERM, a deep learning tool, triages skin lesions by analysing dermoscopic images to support melanoma detection and referral decisions.
· Quantitative Performance Metric: In the real-world deployment (NHS use), DERM sensitivity for melanoma/malignancy ranged 95–100%, and specificity 73–73.4% for version B; benign specificity for version A was 40.7%. Also, for DERM-vB: discharging 15–31% of referrals.
· Bias & Mitigation: NICE flagged underrepresentation of darker Fitzpatrick skin types (~3–4% of referrals), prompting conditional use alongside national data collection to monitor predictive performance across skin tones. Mitigation includes prospective evaluation and post-market surveillance to improve inclusivity.

	Kourou et al., 2015 (59)
	Oncology - multiple types – solid and hematologic tumors
	· Objective: To systematically review machine learning applications for diagnosis, classification, and prognosis in cancer patient care.
· AI Use: Systematic review of ML algorithms (SVM, ANN, decision trees) employed for cancer diagnosis, classification, prognostication across studies.
· Quantitative Performance Metrics: The review aggregates findings:
· Studies report diagnostic and prognostic accuracies often ranging up to ~99%, although variability is high.
· Many models applied to small cohorts without external validation. Exact AUROC values were inconsistently reported.
· Bias Identified & Mitigation Strategies: The authors note methodological issues including:
· Sample size limitations, no external validation, and class imbalance leading to overly optimistic results.
· Lack of transparency and reproducibility in many studies.
Suggested mitigation strategies
· Use larger, multi-center datasets,
· Employ cross-validation and external validation,
· Apply oversampling, undersampling, cost-sensitive learning to address class imbalance,
· Adopt standardized reporting frameworks (e.g. TRIPOD-like guidelines for ML applications) to improve transparency.
· Conclusion: ML models can improve predictive accuracy in oncology but require validation, standardized data, and clinical integration for broader impact.

	Parikh et al., 2019 (60)
	Oncology – cancer patients receiving outpatient care.
	· Objective: To develop and validate ML models for predicting 180-day mortality in cancer outpatients using routinely collected EHR data.
· AI Use: Gradient boosting and random forest models using structured EHR data predict 6‑month mortality to support serious‑illness conversations.
· Quantitative Performance Metric: In validation cohort (n ≈ 7,958 patients):
· AUC for mortality prediction: 0.86–0.88 across models (gradient boosting, random forest, logistic regression)
· At a fixed alert rate of 2%, positive predictive value for gradient boosting/rf models: ~58.8% flagged patients were deemed appropriate for goals-of-care discussion by clinicians 
· Bias Identified & Mitigation Strategy:
· Risk of overfitting: training AUCs as high as 0.98 in some models, suggesting potential lack of generalizability
· Limited external validation and potential demographic bias: cohort from a single academic centre with unspecified racial diversity
Recommended mitigation
· Validate the model across external, diverse healthcare systems
· Use standardized reporting (e.g. TRIPOD guidelines) and head-to-head benchmarking
· Calibrate thresholds and monitor performance in diverse patient groups to prevent inequitable risk stratification
· Conclusion: ML models accurately predicted 6-month mortality and may improve timely end-of-life care interventions for advanced cancer patients.

	Lee et al., 2020 (61)
	Multiple therapeutic areas, including emergency medicine, oncology, cardiology, and internal medicine.
	· Objective: To systematically review studies implementing predictive models using AI/ML within EHR systems for clinical decision support and patient care.
· AI Use: Reviews integration of predictive AI models into EHR systems for real-time clinical decision support across various medical specialties.
· Quantitative Performance Metric: Performance metrics vary by study; AUROC values range from 0.65 to 0.94, depending on the model and outcome. Examples include:
· Sepsis prediction models: AUROC ≈ 0.87
· Readmission prediction: AUROC ≈ 0.75–0.85
· Bias Identified & Mitigation Strategies:
Bias Identified
· Lack of generalizability across sites due to local data training
· Risk of automation bias in clinicians relying on model outputs
Mitigation Strategies
· Site-specific validation before implementation
· Clinician education on model limitations
· Inclusion of interpretability tools (e.g., SHAP values)
· Conclusion: Predictive models are increasingly integrated into EHRs; logistic regression and decision trees are most common, yet validation remains limited.

	Kleppe, 2021 (38)
	Oncology - Cancer diagnostics
	· Objective: To guide researchers in designing deep learning studies that improve accuracy, reliability, and applicability of cancer diagnostics in clinical practice.
· AI Use: Perspective on design of deep learning systems for cancer diagnostics, highlighting validation, generalizability, and study standards.
· Quantitative Performance Metrics:  No specific performance metrics are reported; the article reviews methodology rather than presenting primary empirical results. 
· Bias Identified & Mitigation Strategies: Bias & over-optimism risk due to limited external validation, narrow training data, and adaptive tuning during evaluation.
Mitigation strategies include
· Use of large, diverse training sets
· Mandatory external cohort evaluation
· Predefined protocols with registered primary analyses (e.g. PIECES framework)
· Transparent reporting and external validation to prevent overfitting and inflated performance claims
· Conclusion: Standardized study design, robust validation, and multidisciplinary collaboration are essential to ensure deep learning models are clinically relevant and generalizable.

	Al-Tashi et al., 2023 (22)
	Oncology
	· Objective: To systematically review machine learning models used to identify predictive and prognostic cancer biomarkers from multi-omic datasets.
· AI Use: Reviewed ML approaches for biomarker discovery in oncology using multi‑omics and clinical data to improve diagnosis, prognosis, and subgroup identification.
· Quantitative Performance Metric: As a systematic review, no single pooled performance metric is reported, although individual studies showed accuracies up to ~99%, with high variability across datasets. 
· Bias Identified & Mitigation Strategies:
Bias issues
· Small cohort sizes, study heterogeneity, lack of external validation, and class imbalance management inconsistencies.
Mitigation strategies suggested
· Use larger, multi-center datasets and external validation
· Address class imbalance via oversampling or cost-sensitive learning
· Apply feature selection transparency and standardized reporting (e.g. TRIPOD-like guidelines) for reproducibility and clarity
· Conclusion: ML effectively identifies cancer biomarkers but lacks standardization and validation; integration of multi-omics and clinical data is essential.

	Rahmaniar, 2023 (62)
	Oncology, Osteoporosis, Drug discovery
	· Objective: To explore real-world AI applications across industries, presenting benefits, challenges, and future directions through case studies and examples.
· AI Use: AI case studies across healthcare, finance, energy, agriculture, retail, and automotive showcase real-world utility and implementation challenges.
· Quantitative Performance Metric: This is a narrative review—no specific quantitative model performance metrics are reported. 
· Bias Identified & Mitigation Strategies: The authors highlight bias risks in AI deployment, including data privacy concerns, workforce skill gaps, and interpretability limitations. Recommended mitigation approaches include:
· Implementing bias detection and correction techniques
· Adopting federated learning to improve data diversity while preserving privacy
· Ensuring inclusive and diverse training datasets
· Conducting regular model audits and transparency evaluations to address fairness and ethical robustness
· Conclusion: AI is transforming industries but requires ethical integration, human collaboration, infrastructure, and ongoing adaptation to maximize impact and innovation globally.

	Fernandes, 2024 (14)
	Oncology
	· Objective: To analyse how HCP social media intelligence informs and amplifies communications during a high‑value drug launch like depemokimab.
· AI Use: AI-powered social listening tools analyse HCP online conversations to inform product launch strategies and identify digital opinion leaders. 
· Quantitative Performance Metric: This article reports HCP mention data (not AI model metrics):
· Bias Identified & Mitigation Strategy: 
Bias considerations
· Social media analytics may misrepresent HCP populations due to platform selection bias, geo-location skew, and professional heterogeneity.
Mitigation strategies
· Use segmented datasets filtered by geography, specialty, and engagement patterns.
· Validate findings across multiple digital platforms and offline market data.
· Engage identified digital opinion leaders (DOLs) through triangulated feedback loops to ensure the relevance and representativeness of online signals.
· Conclusion: Despite blockbuster potential, depemokimab received minimal HCP online discussion; social listening can reveal awareness gaps and inform targeted launch strategies.

	Mohr et al., 2024 (41)
	Oncology – melanoma
	· Objective: To evaluate the use of AI-driven ePRO tools for symptom prediction and fever management in advanced BRAF V600 mutant melanoma.
· AI Use: ML algorithms analyze ePRO symptom patterns to predict presence and onset of immune‑related adverse events and symptom progression.
· Quantitative Performance Metrics: In a cohort of 44 patients using the Kaiku ePRO system:
· Presence of immune related AEs: accuracy: 0.97, AUROC: 0.99, F1 score: 0.94, Matthew’s correlation coefficient (MCC): 0.92
· Onset prediction (new symptom episodes): accuracy: 0.96, AUROC: 0.93, F1 score: 0.66, MCC: 0.64
· Bias Identified & Mitigation Strategies
Bias concerns
· Small sample size (N=44), predominantly BRAF-mutant melanoma cohort—limits generalizability.
· Lack of broader demographic diversity (e.g., ethnicity, geography).
Mitigation strategies
· External validation in larger, multi-center cohorts.
· Use of diverse patient populations and broader symptom reporting contexts.
· Transparent reporting and prospective model recalibration.
· Implementation of human-in-the-loop oversight in clinical use to verify flagged alerts.
· Conclusion: AI-enhanced ePRO tools supported early symptom detection and fever prediction, potentially improving outcomes in melanoma patients undergoing treatment.

	Grand View Research; 2025 (36)
	Oncology
	· Objective: To forecast AI market growth in oncology by analysing trends across software, hardware, applications, and cancer types through 2030.
· AI Use: Market research using predictive analytics, segmentation, and forecasting to project global oncology AI investment and adoption trends.
· Quantitative Performance Metric (Market Data):
· Global AI in oncology market revenue estimated at US $2,797.1 million in 2023, projected to reach US $19,167.5 million by 2030, with a CAGR of 31.6% from 2024–2030.
· Oncology diagnostics segment is valued at US $268.1 million in 2024, forecast to grow to US $996.1 million by 2030 at CAGR 24.1%.
· Bias Identified & Mitigation Strategy: As a commercial market report, this document does not address algorithmic bias or clinical fairness. No mitigation strategies are discussed.
· Conclusion: AI in oncology is projected to grow significantly, driven by demand for early diagnosis, personalized treatment, and clinical decision support.

	Andrews et al., 2016 (63)
	Ophthalmology – Neovascular Age-Related Macular Degeneration (nAMD)
	· Objective: To use EMR data to develop predictive models identifying patients unlikely to respond to anti-VEGF treatment in nAMD.
· AI Use: Machine learning applied to EMR data for predicting patient response to anti‑VEGF therapy in neovascular AMD, aiding treatment optimization.
· Quantitative Performance Metric: No published metrics available: this was a conference presentation without formal performance data reported in the public abstract or proceedings.
· Bias Identified & Mitigation Strategies: No bias discussion included in the available abstract or presentation summary. Possible bias sources include patient population drawn from clinical trial–affiliated centers (limiting generalizability), use of structured EMR data without validation or demographic diversity reporting. If the authors evaluated bias in future full reporting, mitigation could involve model validation in diverse community settings, stratification by baseline characteristics, and clear transparency in cohort composition.
· Conclusion: ML models like Random Forest can predict anti-VEGF non-response, enhancing treatment personalization using real-world ophthalmology EMR data.

	Chakravarthy et al., 2016 (64)
	Ophthalmology - Neovascular age‑related macular degeneration (nAMD)
	· Objective: To evaluate the feasibility and accuracy of AI-based algorithms in detecting lesion activity in patients with nAMD using OCT.
· AI Use: Deep learning–based OCT analytics detect lesion activity in nAMD, automating fluid detection to support clinician decision-making. 
· Quantitative Performance Metric: The Notal OCT Analyzer (NOA) versus retina specialists in detecting fluid:
· Sensitivity: ~95–97%
· Specificity: ~92–93%
showing high concordance with expert graders. 
· Bias & Mitigation Strategy:
Bias considerations
· The dataset includes mostly treated patients with varied disease stage
· Limited diversity in imaging devices and demographics.
Mitigation strategies
· Validation using external datasets from different clinics
· Testing across device types and demographic cohorts to ensure robustness and generalizability
· Conclusion: AI systems can reliably detect lesion activity in nAMD, supporting their integration into clinical workflows to guide treatment decisions.

	[bookmark: _Hlk204705857]Schmidt-Erfurth et al., 2018 (31)
	Ophthalmology - specifically retinal diseases 
	· Objective: To review recent advances in AI applications for diagnosis, monitoring, and personalized treatment of retinal diseases using imaging data.
· AI Use: Comprehensive review of AI/ML for retinal disease: segmentation, classification, biomarker extraction, and prognostic modelling using OCT and fundus imaging. 
· Quantitative Performance Metrics: As a review, no pooled metrics are reported. Notable individual findings highlighted:
· DeepSeeNet achieved AUROC 0.97 for late AMD detection; accuracy ~67.1% vs clinician 59.9% 
· U-Net models segment hyperreflective foci with high accuracy (e.g. Dice coefficients >0.80) 
· Bayesian U-Net (U2-Net) demonstrated improved Dice and AUPRC for photoreceptor segmentation, with epistemic uncertainty estimates 
· Bias Identified & Mitigation Strategies: 
Bias sources identified include
· lack of external validation, homogeneous datasets, and overfitting due to limited diversity. 
Recommended solutions
· Use of multicenter and multinational datasets
· External cohort validation
· Reporting standards to minimize overfitting
· Use of explainable architectures and uncertainty-aware models (e.g. Bayesian U-Net).
· Conclusion: AI enhances diagnostic precision, predicts treatment response, enables personalized therapy, and supports clinical decision-making in retinal disease management through imaging analytics.

	Schmidt-Erfurth et al., 2020 (28)
	Ophthalmology - Neovascular age-related macular degeneration (nAMD)
	· Objective: To evaluate AI-based fluid volume quantification in OCT images and its utility in guiding anti-VEGF treatment for nAMD.
· AI Use: CNN-based deep learning automatically segments OCT fluid (IRF, SRF, PED) across >24,000 scans to quantify fluid volume biomarkers over time.
· Quantitative Performance Metrics: While no AUROC was reported, the tool demonstrated high reproducibility and agreement with expert human graders.
· Bias Identified & Mitigation Strategies:
Bias risks
· Data drawn from clinical trial population; devices and demographics limited in diversity
· Overadjustment risk if retraining on non-representative samples
Mitigation strategies
· Validate across external cohorts and clinics
· Test generalizability across OCT device types and demographic variability
· Monitor performance across stratified subgroups to ensure robust, unbiased application
· Conclusion: AI-driven fluid quantification enhances treatment precision, enables individualized decision-making, and supports proactive monitoring of nAMD response to anti-VEGF therapy.

	Chakravarthy et al., 2021 (20)
	Ophthalmology - Neovascular age-related macular degeneration (nAMD)
	· Objective: To examine how fluctuations in retinal fluid volumes, quantified via AI on OCT scans, relate to visual acuity over two years.
· AI Use: AI algorithm quantifies OCT‑based intraretinal, subretinal, and sub‑RPE fluid volumes and computes fluctuation metrics to predict VA outcomes.
· Quantitative Performance Metric: No published metrics available; however, quantification of markers of lesion activity was based on the Notal OCT Analyzer (NOA) (Chakravarthy et al., 2016).
· Conclusion: Greater retinal fluid volume fluctuations—especially intraretinal fluid—during anti‑VEGF maintenance are associated with significantly worse visual outcomes by 24 months.

	Sagkriotis et al., 2021 (27)
	Ophthalmology – Neovascular Age-Related Macular Degeneration (nAMD)
	· Objective: To assess whether machine learning can align real-world evidence with randomized controlled trial outcomes in patients with neovascular AMD.
· AI Use: Machine learning decision modelling explains differences between real-world and randomized trial outcomes in nAMD by isolating key influencing factors. 
· Quantitative Performance Metric: No traditional metrics were reported, but the decision tree outcome effectively harmonized real-world VA trajectories with those from RCTs.
· Bias Identified & Mitigation Strategies:
Bias Considerations
· Real-world datasets vary across geographic regions and practice settings, risking model confounding.
· Potential overfitting to cohort-specific patterns without external validation.
Mitigation Strategies
· Model trained on US real-world data and validated on independent UK and Australian datasets to assess generalizability. 
· Focused only on high-impact variables to reduce over-complexity and increase interpretability.
· Encouraged future application of similar ML bridging methods or use in causal inference designs.
· Conclusion: ML methods successfully reduced bias in real-world data, improving comparability to RCTs and enhancing confidence in treatment effect interpretation.

	Jin et al., 2023 (3)
	Ophthalmology
	· Objective: To evaluate potential applications and challenges of large language models in ophthalmology, focusing on patient care, education, and research.
· AI Use: A systematic review of 108 studies identifying potential use of LLMs (e.g. ChatGPT) for clinical, research, and education in ophthalmology. 
· Quantitative Performance Metric: The review does not include primary model performance metrics, as it synthesizes broader applications rather than empirical benchmarks. 
· Bias Identified & Mitigation Strategies:
Highlighted concerns include
· Hallucinations and misinformation risk
· Challenges in validity, trust, and liability
· Potential for unequal representation of global practices
Proposed mitigation includes
· Human-in-the-loop validation
· Domain-specific fine-tuning
· Continuous evaluation of correctness and safety in educational/system integrations
· Conclusion: LLMs offer significant potential in ophthalmology but require careful attention to bias, regulation, and human-in-the-loop frameworks for safe implementation.
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