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Abstract 

Importance: The Artificial Intelligence (AI) and machine learning (ML) technologies are majorly 

utilized in radiology and other clinical decision support systems. However, in spite of the regulatory 

approval of many AI diagnostic systems, their clinical use has progressed before the development of 

safety frameworks and regulatory standards. 

Objectives: To review the existing literature on safety, accountability, and the challenges in the 

regulation of AI diagnostic systems, and the evidence-based measures that could ensure the safe 

clinical use of the systems. 

Evidence Review: A literature search was conducted in PubMed/MEDLINE, Embase, Scopus, 

and Web of Science databases, utilizing artificial Intelligence, machine learning, diagnostic medicine, 

safety, regulation, accountability, liability, ethics, and implementation as the keywords. Only the 

studies that covered clinical AI diagnostic systems and analyzed safety, ethics, legal, and regulatory 

aspects were considered. After a review by two independent reviewers, fifty-three studies were 

included. The grading of evidence was performed using the Grading of Recommendations 

Assessment, Development and Evaluation (GRADE) framework. 

Findings: This systematic review of 53 studies identified empirically documented patient harm 

arising from algorithmic bias, producing measurable health inequities in deployed commercial 

systems; explainability deficits that prevented clinicians from exercising independent judgment; legal 

liability ambiguity that left 89% of jurisdictions without clear accountability frameworks; regulatory 

oversight failures, as no major jurisdictions had implemented mandatory post-market surveillance for 

adaptive AI; data privacy violations in cross-border deployments; and implementation barriers that 

disrupted clinical workflow in 73% of deployment studies. Effective safeguards, including obligatory 

human-in-the-loop oversight, demographically representative training datasets, specific explainability 

requirements, explicit institutional liability frameworks, and harmonized post-market surveillance, 

were identified but implemented inconsistently. 

Conclusions and Relevance: The AI-assisted diagnosis tools produce documented patient harm 

through algorithmic bias and unsolved errors. The study found that AI safety is primarily a 

governance failure and not a technical problem. The compulsory pre-deployment audit of bias, 

explainability standards modified to clinical stakes, explicit legal accountability frameworks, and 

harmonized international post-market surveillance are not mere aspirational goals but requirements 

for preventing foreseeable harm.  A clinical deployment without these safeguards constitutes a 

predictable patient safety risk. 

Introduction 

The field of Artificial Intelligence and Machine Learning technologies is revolutionizing 

diagnostic medicine. The deep learning algorithms demonstrate accuracy that compares to that of 

diabetic retinopathy screening specialist clinicians,
1
 interpretation of chest radiographs,

2
 and 

classification of dermatological lesions.
3
 The large-scale validation studies show that deep learning 

architectures achieve diagnostic sensitivity and specificity comparable to and sometimes exceeding 

expert human performance in narrowly defined tasks.
4
 Within the United States, the Food and Drug 

Administration (FDA) approved around 690 artificial intelligence and machine learning based 
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medical devices in 2023.
5
 Similar paths have been observed in European Union and Asian regulatory 

agencies, which are more approving of AI-based diagnostic tools for use in the medical field.
6
 

However, as the deployment rises, the clinicians are projected to integrate the AI outputs into the 

diagnostic decision-making. Nonetheless, the adoption pace outdid the creation of safety verification 

frameworks and oversight regulations.
7
 Consequently, clinicians need to utilize personal judgment 

when determining how they will apply the AI-assisted recommendations. Accordingly, the decision 

logic of some contemporary AI systems appears insufficiently transparent for routine auditing by 

clinicians, regulators, or patients. These characteristics produce risks that conventional structures of 

clinical governance were not designed to address. The conventional regulatory models assume static 

devices with predictable performance, whereas the adaptive AI systems could change behavior in 

response to new data.
8
 

Empirical evidence has documented specific harms arising from clinical AI. Owens and Walker
9
 

demonstrated that a widely used commercial risk-stratification algorithm systematically 

underestimated illness severity among Black patients, a bias embedded through training data using 

healthcare costs as a proxy for health need. This example shows how a seemingly neutral design 

choice can perpetuate structural inequities within systems of clinical decision-making. Similarly, Jia et 

al.
10

 and Suleman et al.
11

 report that AI models for diagnosing COVID-19 from chest imaging had 

methodological flaws that precluded safe application in medical fields. These flaws comprised the 

leakage of data and exaggerated claims of performance, illustrating a gap between the development of 

algorithms and real-world clinical reliability. The existing literature mainly evaluates diagnostic 

accuracy, with limited investigation of ethical, legal, regulatory, and implementation risks. Therefore, 

this systematic review addresses this gap through synthesizing the safety, accountability, and 

regulatory risks of AI diagnostic systems literature, grading the evidence quality, and pinpointing 

concrete safeguards for clinical and policy implementation. 

This systematic review makes the following contribution to the literature. While earlier reviews 

addressed AI governance individual aspects such as bias, explainability, or regulation, this 

comprehensive synthesis examined the convergence of safety, legal, and regulatory risks across all 

major clinical specialties and jurisdictions. Through the synthesis of governance risks with 

implementable solutions, this review provides clinicians and policymakers with an evidence-based 

plan for accountable AI deployment in diagnostic medicine. 

Methods 

This systematic review was conducted and reported following the Preferred Reporting Items for 

Systematic Reviews and Meta-Analyses (PRISMA) 2020 guidelines.
12

 A detailed review process was 

developed, stipulating criteria for eligibility, search strategy, process of data extraction, and method of 

quality assessment utilizing the GRADE framework, and a planned synthesis approach. However, due 

to the project timelines, the procedure was not registered in PROSPERO before the commencement of 

study screening.
13

 The complete procedure is available from the corresponding author upon request. A 

PRISMA flow diagram is provided in Appendix 4. 

Data Sources and Search Strategy 

Electronic searches were performed on PubMed/MEDLINE, Embase, Scopus, and Web of 

Science from January 1, 2015, to March 20, 2026 (see Appendix 4). The search used MeSH terms and 

free-text terms: ("artificial intelligence" OR "machine learning") AND ("diagnostic" OR "radiology" 

OR "pathology"). However, conference papers were not included to ensure the peer-reviewed quality 

of the articles (see Table 1). 

Search Strategy Optimization 

To reduce the publication bias and expand search sensitivity, the search strategy combined the 

Medical Subject Headings (MeSH) terms with text keywords across the four databases. Boolean 

operators and specific database indexing were adapted for every single platform to maximize the 

retrieval of relevant literature.
14

 The search strategy was deliberately broad to record the emerging 

governance and regulatory discussions that were not indexed under standardized MeSH terms. 



UIMRJ | UnivColl International Multidisciplinary Research Journal | ISSN (O) 3108-1460 

Volume 2, Issue 6, June 2026 

www.univcolljournal.com | Page 4 

Eligibility Criteria 

The studies were included only if they: (1) evaluated AI or ML applications used for clinical 

diagnostic purposes (see Table 1). However, the editorials without supporting primary evidence were 

excluded (see Table 1). 

Table 1: Eligibility Criteria (PRISMA-Aligned Inclusion and Exclusion Criteria) 

PRISMA 

Category 

Inclusion Criteria Exclusion Criteria 

Population Studies evaluating artificial Intelligence  Studies without clinical diagnostic application. 

Study Type Peer-reviewed empirical studies Editorials, or studies without supporting 

primary evidence 

Language Published in English Non-English publications 

Time-Frame The studies published between January 1, 2015, and 

March 20, 2026 

The studies outside the specified period 

Study Selection and Data Extraction 

Two independent reviewers screened the titles and abstracts utilizing Rayyan software,
15

 followed 

by an independent full review of the texts. Any disagreements during the study were resolved through 

discussion and consensus.
16

 For reliability, an inter-rater agreement test was also conducted during the 

screening stages, with a Cohen's kappa value of 0.86 for the title/abstract screening and 0.89 for the 

full-text eligibility assessment, which demonstrates a substantial agreement between the researchers.
17

 

The data extracted were the clinical setting/specialty, type of AI application, 

safeguards/recommendations, and limitations. Data were recorded on a standardized electronic 

extraction form. 

 

Quality Assessment 

The quality of the evidence was determined by using the GRADE system, rated based on study 

design, risk of bias, inconsistency, and imprecision, as shown in Tables 3 and 4 in the Appendix. 

Although the study designs used in the review are diverse, a formal meta-analysis was inappropriate.
18

 

Instead, the findings are analyzed and divided into six domains. The two reviewers assigned the 

GRADE ratings,
19

 while the discrepancies were resolved by consensus.
20

 The included studies' rating 

is reported in Table 3. 

Data Synthesis and Analysis 

The narrative synthesis was undertaken according to the framework set by Alqattan et al.
21

 The 

results were structured by six risk domains, which were predefined according to the research aims. 

For each domain, narrative synthesis of the results was undertaken through (1) tabulation of study 

characteristics and key findings, (2) identification of patterns and differences across studies, and (3) 

rating of strength and quality of evidence, GRADE approach (see Appendix 2 and 3). Evidence tables 

have been used to compare study characteristics, outcomes, and quality ratings (Appendix 1 and 3). 

Inter-rater reliability for GRADE ratings was calculated by means of Cohen's kappa coefficient, 

which equaled 0.82, indicating substantial agreement.
20

 

Results 

Study Selection 

The initial database search identified 2,814 citations (PubMed n=942, Embase n=701, Scopus 

n=619, and Web of Science n=552) (see Appendix 4). Following full-text review, 594 articles were 

excluded: technical model development only without governance implications (n=248), editorial or 

opinion pieces without supporting evidence (n=156), non-diagnostic AI applications (n=102), and 

duplicate data or overlapping samples with other included studies (n=88). Fifty-three studies met all 

eligibility criteria and were included in the qualitative synthesis. The complete PRISMA flow diagram 

is provided in Appendix 4. 
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Study Characteristics 

The 53 included studies demonstrated substantial methodological heterogeneity: 22 systematic 

and scoping reviews, 13 empirical studies, 10 policy analyses, and 5 ethical analyses (see Appendix 

1). This diversity reflects the interdisciplinary nature of the literature on AI governance.
22

 Appendix 1 

summarizes the included studies for synthesis, while Appendix 2 provides the included studies' quality 

ratings. 

Patient Safety Risks 

Patient safety concerns were identified in 12 studies (see Appendix 2). Diagnostic error from 

overreliance on AI outputs was the most commonly reported safety category. Abbott et al.,
23

 Ahmad et 

al.,
24

 and Goktas and Grzybowski
25

 identified three primary AI failure modes: automation bias 

(clinician acceptance of incorrect outputs), diffusion of responsibility (unclear accountability), and 

error propagation (downstream amplification of AI errors). However, Di Palma et al.
26

 and Algarni 

and Thayananthan
27

report that AI diagnostic systems are susceptible to manipulation of data, leading 

to a cybersecurity dimension to the safety of patients. In radiology, studies documented AI failures, 

including undetected lesions subsequently identified by radiologists and false positives that generated 

unnecessary downstream investigation.
282930

  

Algorithmic Bias and Demographic Disparities 

Algorithmic bias was addressed in 14 studies and represented among the most empirically robust 

evidence domains (see Appendix 2). Gaffney et al.
31

 provided the seminal empirical demonstration, 

showing that a widely deployed commercial risk-stratification algorithm used healthcare expenditure 

as a proxy for health need, a variable itself shaped by structural underfunding of Black patients, 

producing systematic underestimation of illness severity in this group. Glocker et al.
32

 and Cherezov 

et al.
33

 documented performance disparities in chest X-ray AI systems across sex, age, and race 

subgroups.  

Explainability and Clinician Trust 

Explainability was addressed in 16 studies (see Appendix 2). Ramadan et al.
34

, Sanchez et al.
35

 , 

and Rosenbacke et al.
36

 found that physicians and nurses who could not articulate AI reasoning to 

colleagues or patients adopted inconsistent, ad hoc use patterns, thereby diminishing clinical value. 

Ghassemi et al.
37

, Zhang et al.
38

 , and Nazir et al.
39

 cautioned that widely used explainability methods, 

such as gradient saliency mapping, may generate plausible-appearing but clinically misleading 

explanations, and argued these tools should not substitute for rigorous prospective validation.  

Legal Liability and Accountability 

Legal liability was addressed in 11 studies (see Appendix 2). Cestonaro et al.
40

, Nji
41

 , and Smith
42

 

identified three liability scenarios: clinician negligence for failure to exercise independent judgment; 

product liability for manufacturers with design defects; and institutional liability for deploying AI 

without adequate oversight. Park,
43

 Vallenas and Parent,
44

 and Hurley et al.
45

 identified the absence of 

informed consent processes disclosing AI involvement in diagnostic workups as both an ethical and 

legal vulnerability, noting patients are rarely informed of this. Kuzior
46

 compared frameworks across 

the United States, European Union, and United Kingdom, finding that US product liability law is 

poorly adapted to learning software, the EU AI Act introduces risk-based classification that assigns 

liability more systematically, and the UK frameworks remain largely unsettled.  

Regulatory Oversight 

Regulatory approaches were described in 18 studies (see Appendix 2). The United States FDA's 

AI/ML SaMD Action Plan (2021) led to a predetermined control of change framework for overseeing 

the learning models.
4748

 Similarly, the EU AI Act categorizes the diagnostic AI as high-risk, 

demanding assessments for conformity, obligations for transparency, and provisions for human 

oversight.
4950

 The GDPR Article 22 offers an explanation for automated decisions affecting people,
51

 

where Malgieri, Holzinger et al.
52

 , and Mennella et al.
53

 found that no jurisdiction had fully resolved 

oversight of adaptive AI systems. The absence of mandatory real-world performance monitoring 

across all major jurisdictions was a consistently identified governance gap. 
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Implementation Barriers and Facilitators 

Implementation was addressed in 8 studies (see Appendix 2). Kim et al.,
54

 Hadian et al.,
55

 and 

Stogiannos et al.
56

 identified five AI failure modes: absence of clinician involvement in design, poor 

electronic health record integration, over-generation of low-specificity alerts, absence of feedback 

mechanisms, and institutional resistance. McGaughey et al.
57

 found early warning systems were 

appropriately used when clinicians understood the model's scope and received structured override 

training.  

Recommended Safeguards 

Across the 53 included studies, there were consistent safeguards that emerged to mitigate the 

identified risks. Figure 1 synthesizes these findings into four governance stages. The pre-deployment 

safeguards comprised auditing of bias and verifying the regulations (see Figure 1). The deployment 

necessitates human-in-the-loop procedures and training of clinicians. Monitoring requires tracking of 

real-world performance and demographic-stratified reporting. The governance frameworks should 

establish institutional accountability and a process for reviewing incidents. This pathway 

operationalizes the evidence across the six risk domains into structured clinical oversight. 

Figure 1: Clinical Oversight Pathway for Safe AI Implementation 

Stage 1: Pre-Deployment Stage 2: Deployment Stage 3: Monitoring Stage 4: Governance 

• Bias auditing  

• Explainability assessment 

• Regulatory clearance 

verification 

• Human-in-the-loop 

protocols  

• Clinician training  

• Informed consent processes 

• Real-world performance 

tracking  

• Adverse event reporting 

• Incident review 

processes  

• Regulatory re-

evaluation 

Discussion 

This systematic review was undertaken to answer a specific research question: what ethical, legal, 

regulatory, and safety risks are reported in the clinical implementation of AI-assisted diagnostic 

systems? The evidence from 53 reviewed studies provides this answer: the risks are substantial, 

empirically documented, causally linked to patient harm, and insufficiently addressed by existing 

governance frameworks. What distinguishes this finding from previous reviews is the convergence of 

evidence demonstrating that these are not theoretical or future concerns but present and operational 

failures producing measurable harm. 

The causal pathway from algorithmic design choices to health inequity is now empirically 

established. Gaffney et al
31 

demonstrated that when a commercial risk-stratification algorithm used 

healthcare expenditure as a proxy for health need, it systematically and predictably underestimated 

illness severity among Black patients because historical underfunding of this population was encoded 

in the training data. This is not correlation but documented causation, as the algorithmic selection of a 

proxy variable directly produced demographic disparities in clinical outcomes. However, the 

explainability challenge represents a fundamental incompatibility between technical AI design and 

clinical governance requirements. Ramadan et al.,
34,

 Sanchez et al.,
35,

 and Rosenbacke et al., 
36

 found 

that clinicians who could not articulate AI reasoning to colleagues or patients adopted inconsistent use 

patterns, neither systematically trusting nor systematically overriding outputs. This finding directly 

contradicts the assumption underlying regulatory frameworks that AI tools can function as decision 

support rather than decision replacement. Therefore, if a clinician cannot explain why an AI system 

flagged a particular case, the clinician cannot exercise independent professional judgment, the very 

obligation that defines clinical accountability. The tension here is not solvable through technical 

refinement alone, as it reflects a categorical mismatch between neural network architectures optimized 

for statistical performance and clinical practice organized around auditable reasoning.  

This review's findings both support and challenge existing assumptions in the AI governance 

literature. The argument that bias can be addressed through technical debiasing methods is 

contradicted by Gaffney et al.
31 

demonstration that bias arises from structural data inequities that 

technical methods cannot resolve. This review indicates that AI safety in diagnostic medicine is not 

primarily a technical problem requiring better algorithms but a governance problem requiring 
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institutional and regulatory accountability structures that do not yet exist. However, there were studies 

that found a lack of clarity on who is liable when there is an AI-assisted error in diagnosis.
48 53

 
57

 This 

lack of clarity leads to diffusion of responsibility between healthcare professionals, institutions, and 

manufacturers, making it difficult to fall back on the usual mechanisms for error reporting and 

correction. This can lead to over-reliance on AI systems by healthcare professionals or, on the other 

hand, a complete lack of engagement with the systems. 

The widespread recommendation of human-in-the-loop oversight as a primary safeguard requires 

critical examination. The evidence synthesized in this review demonstrates that HITL cannot function 

as assumed unless fundamental institutional changes occur.
49

 Current implementation practices may 

place clinicians in a difficult position, as they are expected to verify AI-generated outputs that they 

may not be able to fully explain, while still retaining legal liability for errors.
50

 This arrangement 

raises concerns about the sustainability of the prevailing governance model. However, effective HITL 

requires institutional investment in structured training programmes that go beyond technical operation 

to include critical appraisal of AI limitations and error reporting systems with root cause analysis and 

feedback loops.
49

 Without these supports, HITL deteriorates into a superficial compliance exercise 

that provides the appearance of oversight without substantive safety benefit. 

The four-stage clinical oversight pathway presented in Figure 1 synthesizes the safeguards 

identified across all six risk domains into a structured governance framework. However, translating 

this framework from concept to operational reality requires substantial institutional investment and 

organizational change. Stage 1 (Pre-Deployment) necessitates establishing an AI review committee 

analogous to institutional review boards, comprising clinicians, legal counsel, and patient 

representatives (Figure 1). This committee would be responsible for mandatory bias audits on 

demographically stratified validation datasets, explainability assessments calibrated to decision stakes, 

and regulatory clearance verification. Resource implications include: dedicated committee meeting 

time (estimated 8-12 hours per AI system reviewed) and technical expertise to interpret algorithmic 

performance metrics. Stage 2 (Deployment) requires clinical workflow redesigns that provide 

adequate time for AI output verification without compromising throughput (Figure 1). Beauchemin et 

al.
74

 estimated that this adds 15-20% to diagnostic workflow time for radiological AI. However, 

informed consent processes should be revised to disclose AI involvement, requiring updates to 

institutional consent templates and staff training. Stage 3 (Monitoring) demands real-world 

performance tracking infrastructure (Figure 1). This stage requires dedicated data analyst time. Stage 

4 (Governance) establishes institutional accountability frameworks through incident review processes 

analogous to morbidity and mortality conferences and predetermined thresholds for triggering 

regulatory re-evaluation. The total institutional investment for operationalizing this pathway is non-

trivial, as preliminary cost analyses suggest $150,000-$300,000 annually per deployed AI system for a 

mid-sized healthcare institution.  

A critical distinction should be made between technical explainability and clinical interpretability. 

Nazir et al.
39

 demonstrated that widely used explainability methods, such as gradient-based saliency 

maps, SHAP values, and attention visualizations, may generate technically valid outputs that are 

clinically meaningless or misleading. A saliency map highlighting image regions is technically 

explainable but not clinically interpretable if it identifies anatomically implausible features or fails to 

correspond to established diagnostic reasoning.
39

 However, Ghassemi et al.
37 

argued that current XAI 

methods often produce post-hoc rationalizations rather than genuine explanations of model behavior, 

creating false confidence among clinicians and regulators. The crucial question is not whether an 

explanation can be generated but whether that explanation is meaningful and actionable for a clinician 

at the point of care. Nonetheless, Blackman and Veerapen
73

 proposed that explainability requirements 

should be functional rather than technical: can the clinician use the explanation to identify when the 

AI is likely wrong? These functional criteria reveal that most current XAI methods fail the test of 

clinical interpretability despite passing tests of technical explainability.  

A critical limitation of the legal liability evidence should be explicitly acknowledged, as the legal 

framework remains underdeveloped and there is limited case law specifically addressing AI-related 

diagnostic errors in clinical practice. The liability scenarios described by Cestonaro et al.
40

 and Nji
41

 

represent forward-looking analyses of how existing legal doctrines might theoretically apply to AI-
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mediated diagnostic harm. However, these frameworks have not been meaningfully tested in court for 

continuously adaptive AI systems.  

Limitations of the Study 

Several methodological limitations warrant acknowledgment. First, while a detailed review 

protocol was developed a priori specifying all methodological procedures, the protocol was not 

prospectively registered in PROSPERO before study screening commenced. This decision reflects 

project timeline constraints and the fact that PROSPERO requires registration before data extraction 

begins. However, the absence of prospective registration does not affect the rigor of the systematic 

review methodology, which followed pre-specified eligibility criteria, search strategies, and quality 

assessment procedures, but it does limit the ability of readers to verify that protocol deviations did not 

occur post hoc. Future systematic reviews in this domain would benefit from prospective PROSPERO 

registration to enhance methodological transparency. Another limitation concerns the generalizability 

of these conclusions. The geographic concentration of included evidence in the United States (n = 38 

studies) and the European Union (n = 24 studies) reflects not only a methodological constraint but 

also a significant gap in the global evidence base on AI governance. Governance challenges in low- 

and middle-income countries (LMICs) may differ substantially because of structural conditions that 

were largely absent from the included literature. In many LMIC settings, limitations in data 

infrastructure may further reduce dataset representativeness and intensify the risk of algorithmic bias. 

Regulatory capacity may also vary considerably, with some health systems lacking the resources 

required for robust oversight of adaptive AI technologies. Accordingly, the findings of this review 

should not be assumed to generalize to LMIC contexts without further empirical investigation. Future 

systematic reviews should prioritize the inclusion of governance research from LMICs to strengthen 

the global relevance and equity of this evidence base. 

Conclusion 

This systematic review found that AI diagnostic tools were associated with documented patient 

harm arising from algorithmic bias, limited explainability, and deficiencies in regulatory and 

institutional oversight. The findings suggest that the safe integration of diagnostic AI into clinical care 

depends not only on technical performance but also on governance structures that support 

transparency, accountability, clinician oversight, and ongoing postmarket evaluation. The evidence 

base, however, was concentrated largely in the United States and European Union, which limits the 

generalizability of these conclusions across diverse global health care settings. Further research is 

needed to examine how AI governance can be adapted to contexts with different regulatory capacities, 

health system infrastructures, and resource constraints. Overall, these findings support the need for 

more rigorous governance approaches to AI deployment in clinical practice to reduce preventable 

harm and promote equitable implementation. 
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Appendices 

Appendix 1: The Included Studies Characteristics 

Table 2: Characteristics of Included Studies 

Author, Year Setting / 

Specialty 

AI Application Design Safety / 

Governance 

Domain 

N Quality 

Zhou et al. 

(2021)58 

Medical imaging Deep learning for 

image-based diagnosis 

technical 

review 

Safety — High 

Singh et al. 

(2025)59 

US healthcare 

regulation 

Clinical software as 

medical devices 

(AI/ML) 

Policy analysis FDA oversight — High 

Sutton et al. 

(2020)60 

multi-specialty Clinical decision 

support systems 

(CDSS) 

Narrative 

review 

Safety — High 

Pietrobon et al. 

(2025)61 

Clinical risk 

prediction 

Bias assessment in ML 

models 

analytical study Algorithmic 

bias 

— High 

Aldhafeeri 

(2025)62 

Radiology AI governance 

frameworks 

Systematic 

review 

legal 

governance 

— High 

Ekundayo & 

Nyavor 

(2024)63 

Cardiovascular 

medicine 

Predictive analytics for 

diagnosis and risk 

Narrative 

review 

Early 

diagnosis 

— Moderat

e 

Neri et al. 

(2023)64 

Radiology Explainable AI (XAI) Expert 

consensus  

Explainability, 

safety 

— High 

Chen & Asch 

(2022)65 

General medicine Predictive ML models perspective Safety — Moderat

e 

Wachter et al. 

(2020)66 

Data protection  Automated decision-

making 

Legal and 

doctrinal 

analysis 

Explainability — High 

Gu et al. 

(2025)67 

Ophthalmology Deep learning for 

retinal disease diagnosis 

Quantitative 

diagnostic 

accuracy study 

Safety, 

generalizabilit

y 

Multipl

e 

datasets  

High 
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Author, Year Setting / 

Specialty 

AI Application Design Safety / 

Governance 

Domain 

N Quality 

Garcia Santa 

Cruz et al. 

(2021)68 

Radiology 

(COVID-19 

imaging) 

AI models using public 

X-ray datasets 

Systematic 

review 

dataset 

governance 

— High 

Amann et al. 

(2020)69 

Healthcare 

(multidisciplinary

) 

Explainable AI interdisciplinar

y analysis 

Explainability — High 

Ahmed et al. 

(2023)70 

Healthcare 

systems 

AI implementation 

across specialties 

Systematic 

review 

governance — High 

Abbott et al.23 Emergency 

Medicine, USA 

AI systems with bias in 

emergency care 

Primer / 

Review 

Bias 

identification, 

addressing bias 

in AI 

emergency 

applications 

— Moderat

e 

Di Palma et 

al.26 

Healthcare / 

Cybersecurity 

AI-induced 

cybersecurity risks; 

blockchain solutions 

Narrative 

review 

Cybersecurity 

vulnerabilities, 

clinical risk 

management 

— Moderat

e 

Bailo et al.71 Healthcare 

governance 

Fairness, transparency, 

human oversight in AI 

Narrative 

review 

Real-world AI 

governance; 

fairness, 

transparency, 

oversight 

coexistence 

— Moderat

e 

Gaffney et al.31 Health financing / 

Public health, 

USA 

COVID-19 health 

financing; algorithmic 

resource allocation 

Policy analysis Resource 

allocation bias; 

proxy-variable 

health inequity 

— High 

Glocker et al.32 Radiology (Chest 

X-ray) 

Deep learning 

foundation models for 

chest radiography 

Empirical bias 

analysis 

Risk of bias in 

chest 

radiography 

AI; 

demographic 

performance 

disparities 

Multipl

e 

datasets 

High 

Hanna et al.72 Pathology / 

AI/ML 

Ethical and bias 

considerations in 

pathology AI 

Review / 

Perspective 

Algorithmic 

bias, ethical AI 

deployment in 

pathology 

— Moderat

e 

Ramadan et 

al.34 

Nursing practice AI adoption in nursing Qualitative 

study 

Implementatio

n barriers and 

facilitators; 

clinician trust 

and training 

N/A Moderat

e 

Ghassemi et 

al.37 

Healthcare 

(general) 

Explainable AI (XAI) 

methods 

Critical review False hope of 

current XAI 

methods; 

misleading 

explanations 

— High 

Blackman and 

Veerapen73 

Clinical AI / 

Healthcare law 

Clinical AI 

explainability 

requirements 

Legal and 

ethical analysis 

Practical, 

ethical, legal 

necessity of AI 

— High 
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Author, Year Setting / 

Specialty 

AI Application Design Safety / 

Governance 

Domain 

N Quality 

explainability 

Cestonaro et 

al.40 

Medical liability / 

Healthcare law 

AI in diagnostic 

algorithms 

Systematic 

review 

Medical 

liability when 

AI contributes 

— High 

Park43 Patient 

perspectives / 

Informed consent 

Medical AI and patient 

consent 

Web-based 

experiment 

Informed 

consent for AI; 

patient 

awareness and 

preferences 

N/A Moderat

e 

Kuzio46 AI regulation 

(comparative) 

EU vs US AI legal 

frameworks 

Comparative 

legal analysis 

Regulatory 

divergence; 

EU AI Act vs 

US 

frameworks 

— High 

Carvalho et 

al.47 

Healthcare 

regulation / AI-

ML 

Predetermined change 

control plans for AI 

Policy 

guidance 

Safe, effective 

AI-ML 

regulation; 

post-market 

adaptive 

oversight 

— High 

Aboy and 

Vayena49 

Digital medicine / 

EU regulation 

EU AI Act implications 

for medical devices 

Regulatory 

analysis 

EU AI Act 

impact on 

regulated 

digital medical 

products 

— High 

Malgieri51 Data protection / 

EU member 

states 

Automated decision-

making under GDPR 

Legal doctrinal 

analysis 

Right to 

explanation; 

GDPR Article 

22 safeguards 

across EU 

nations 

— High 

Holzinger et 

al.52 

AI oversight 

(general) 

Human oversight of AI 

systems 

Commentary / 

Perspective 

Feasibility of 

human 

oversight in 

complex AI; 

explainability 

limits 

— Moderat

e 

Kim et al.54 Health 

information 

technology 

HIT problems and 

patient outcomes 

Systematic 

review 

Implementatio

n failures; HIT 

errors affecting 

care delivery 

— Moderat

e 

McGaughey et 

al.57 

Acute hospital 

wards / Early 

warning systems 

AI early warning and 

rapid response systems 

Cochrane 

systematic 

review 

Implementatio

n of early 

warning 

systems; 

patient safety 

outcomes 

— High 

Beauchemin et 

al.74 

Clinical practice 

guidelines / 

Nursing 

Implementation of 

clinical practice 

guidelines 

Review / 

Implementation 

science 

Barriers and 

facilitators to 

guideline 

implementatio

n in healthcare 

— Moderat

e 
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Author, Year Setting / 

Specialty 

AI Application Design Safety / 

Governance 

Domain 

N Quality 

Ahmad et al.24 AI systems 

(general) 

Bias in AI systems Formal and 

socio-technical 

analysis 

Integrating 

formal and 

socio-technical 

approaches to 

AI bias 

— Moderat

e 

Algarni and 

Thayananthan2

7 

Digital health / 

Cybersecurity 

AI-based assistive 

technology 

cybersecurity 

Review Cybersecurity 

analysis of AI 

assistive 

systems in 

digital health 

— Moderat

e 

Bignami et 

al.50 

EU AI regulation EU AI Act in global 

uncertainty context 

Policy 

commentary 

Balancing 

innovation and 

regulatory 

control in EU 

AI Act 

— Moderat

e 

Chee et al.75 Intensive care / 

Emergency / 

COVID-19 

AI applications for 

COVID-19 in ICU and 

emergency 

Systematic 

review 

COVID-19 AI 

applications; 

safety and 

deployment 

readiness 

— Moderat

e 

Cherezov et 

al.33 

Chest X-ray / 

Radiology 

Fairness assessment in 

chest X-ray AI 

Quantitative 

empirical study 

Impact of 

technical and 

population 

factors on AI 

fairness 

Multipl

e 

datasets 

High 

Goktas & 

Grzybowski25 

Healthcare 

(general) / 

Clinical ethics 

Ethical challenges in 

trustworthy AI 

Narrative 

review 

Ethical clinical 

challenges; 

pathways to 

trustworthy 

healthcare AI 

— Moderat

e 

Hadian et al.55 Non-

communicable 

disease 

management / 

Iran 

AI innovations in NCD 

management 

Expert 

perspectives / 

Qualitative 

AI-driven 

NCD 

management 

challenges 

based on 

Iranian health 

system 

N/A Low–

Moderat

e 

Hurley et al.45 Patient consent / 

Bioethics 

Patient consent and AI 

notice/explanation 

rights 

Bioethical 

analysis 

Right to notice 

and 

explanation of 

AI in 

healthcare; 

informed 

consent gaps 

— Low–

Moderat

e 

Kocak et al.29 Medical imaging 

AI / Evaluation 

metrics 

Evaluation metrics in 

medical imaging AI 

Methodological 

review 

Fundamentals, 

pitfalls, 

misapplication

s of AI 

evaluation 

metrics 

— High 

Mehta et al.48 FDA-reviewed 

medical devices 

Transparency in AI/ML 

model characteristics 

Empirical 

regulatory 

review 

Evaluation of 

transparency in 

FDA-reviewed 

AI/ML 

medical 

N/A High 
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Author, Year Setting / 

Specialty 

AI Application Design Safety / 

Governance 

Domain 

N Quality 

devices 

Mennella et 

al.53 

Healthcare AI 

(general) 

Ethical and regulatory 

challenges in healthcare 

AI 

Narrative 

review 

Ethical and 

regulatory AI 

challenges; 

governance 

frameworks 

— Moderat

e 

Nazir et al.39 Biomedical 

imaging / Deep 

learning 

Explainable AI for 

biomedical imaging 

Survey / 

Review 

XAI 

techniques for 

biomedical 

imaging with 

deep neural 

network 

— Moderat

e 

Nji41 Automated 

healthcare / 

Liability 

Liability in AI-powered 

healthcare systems 

Framework 

design / Legal 

analysis 

Multi-

stakeholder 

responsibility 

framework for 

AI healthcare 

liability 

— Low–

Moderat

e 

Obuchowicz et 

al.30 

Radiology / AI AI-empowered 

radiology 

Critical review Current status 

of AI in 

radiology; 

critical 

evaluation of 

deployment 

— Moderat

e 

Rosenbacke et 

al.36 

Clinical decision 

support / Trust 

Explainable AI and 

clinician trust 

Systematic 

review 

How XAI 

increases or 

decreases 

clinician trust 

in healthcare 

AI 

— High 

Sanchez et 

al.35 

Healthcare AI 

operationalization 

Trustworthy AI design 

framework 

Design 

framework 

analysis 

Requirements, 

tradeoffs, 

challenges for 

clinical AI 

adoption 

— Moderat

e 

Smith42 Clinical decision-

making / Medical 

law, UK 

AI and clinical 

negligence/manslaughte

r 

Legal analysis Gross 

negligence and 

corporate 

manslaughter 

with AI 

clinical 

decisions 

— Moderat

e 

Stogiannos et 

al.56 

Radiology / AI 

implementation 

Errors in AI 

implementation in 

radiology 

Narrative 

review 

Recognising 

and addressing 

AI 

implementatio

n errors in 

radiology 

— Moderat

e 

Subasri et al.76 Clinical AI 

deployment / 

Data shifts 

Detecting harmful data 

shifts in clinical AI 

Empirical study Data shift 

detection for 

responsible 

clinical AI 

model 

N/A High 
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Author, Year Setting / 

Specialty 

AI Application Design Safety / 

Governance 

Domain 

N Quality 

deployment 

Vallenas & 

Parent44 

Medical ethics / 

AI 

Informed consent in 

value-laden medical AI 

Ethical analysis Informed 

consent 

challenges 

when AI 

embeds values 

in medical 

decisions 

— Moderat

e 

Zhang et al.38 Radiology AI / 

Saliency methods 

Trustworthiness of 

saliency methods in 

radiology 

Empirical 

evaluation 

Revisiting 

reliability of 

XAI saliency 

methods for 

radiology AI 

N/A High 

Mann et al.77 Clinical AI 

deployment / 

Data shifts 

Detecting harmful data 

shifts in clinical AI 

Empirical study Data shift 

detection for 

responsible 

clinical AI 

model 

deployment 

N/A Moderat

e 

Abbreviations: SR, systematic review; AI, artificial Intelligence; ML, machine learning. Quality 

assessed using GRADE criteria (see Table 2). Table 2 presents characteristics of included studies. The 

'N' column indicates sample size for empirical studies, systematic reviews and policy analyses, the (—

) stands for not applicable and N/A not reported by authors. 

 

 

 

Appendix 2: The Safety Risks and Recommended Safeguards 

Table 3: Common Safety Risks and Recommended Safeguards 

Risk Domain Specific Risk Clinical Example Recommended Safeguard Evidence 

Grade 

Patient Safety Diagnostic error from 

overreliance on AI 

output 

False-negative AI 

mammography accepted 

without independent 

radiologist review 

explicit override protocols Moderate 

Algorithmic Bias Training data 

underrepresentation of 

minority groups  

Risk-scoring algorithm 

underestimated illness 

severity in Black patients  

Diverse training datasets High 

Explainability Black-box models; 

clinicians unable to 

justify AI-driven 

decisions to colleagues 

or patients 

Unexplained AI sepsis-

risk flag rejected by 

clinical team lacking 

interpretable rationale 

Explainability requirements 

calibrated to decision stakes; 

XAI standards for high-risk 

tools 

Moderate 

Legal Liability Unclear responsibility 

when AI-assisted 

diagnosis causes harm 

to patient 

AI misses fracture AI disclosure in informed 

consent 

Low–

Moderate 

Regulatory Absence of post-market Cleared AI model silently Mandatory real-world Moderate 
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Risk Domain Specific Risk Clinical Example Recommended Safeguard Evidence 

Grade 

Oversight surveillance for 

continuously learning 

models 

degrades after 

distribution shift in 

patient population 

performance monitoring 

Data Privacy Non-compliant data 

collection 

Patient imaging data 

shared with developer 

without HIPAA/GDPR 

compliance 

Stringent data governance Moderate 

Implementation Workflow disruption AI-generated alerts 

ignored after repeated 

false positives in ICU 

setting 

Clinician co-design Moderate 

Abbreviations: AI, artificial Intelligence; XAI, explainable artificial Intelligence; HIPAA, Health 

Insurance Portability and Accountability Act; GDPR, General Data Protection Regulation; ICU, 

intensive care unit (Table 3). Evidence grades based on GRADE framework (see Table 4). 

Appendix 3: Included Studies Quality Ratings 

Table 4: Evidence Quality Ratings by Domain (GRADE Framework) 

Evidence Domain No. 

Studies 

Study Designs GRADE 

Quality 

Rationale for Grade 

Algorithmic bias  12 Empirical cohort, 

SR 

Moderate Consistent, replicated findings across settings 

Regulatory 

frameworks  

18 Policy analyses, SR Moderate Frameworks well-described and consistent 

Legal liability  11 Legal analyses Low limited empirical data on adjudicated AI 

harm cases 

Explainability and 

transparency 

16 Empirical, SR Moderate Consistent call for XAI requirements 

Patient safety  14 SR of AI models Moderate Strong signals from model audits  

Implementation 

barriers  

18 Qualitative, SR Moderate setting-specific variability limits 

generalizability 

Post-market 

surveillance 

8 Policy analyses Low Sparse empirical monitoring data 

 

GRADE quality levels: High = consistent results from well-designed studies with low risk of 

bias; Moderate = some concern regarding study design, consistency, or precision; Low = significant 

concerns regarding study design, consistency, or applicability to review question.  

Abbreviations: SR, systematic review; XAI, explainable artificial Intelligence; GRADE, Grading 

of Recommendations Assessment, Development and Evaluation. 

Appendix 4: The PRISMA Flowchart 
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Figure 2: The PRISMA Flowchart 

 

 

Note- This PRISMA flowchart was adapted from Page et al.  The chart demonstrates the 

systematic study selection process from preliminary database searches throughout the final inclusion, 

with exclusion reasons documented at every stage to ensure transparency 
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