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AB S T R AC T  

Background: Diagnostic error remains a leading and preventable source of patient harm, and delayed detection 

of cancer, infection, cardiovascular disease and sensory disorders drives much avoidable morbidity. Artificial 

intelligence (AI), including deep learning, machine learning and, more recently, large language models, is 

increasingly proposed as a means of detecting disease earlier and more reliably. 

Objective: To synthesise the evidence on AI in early clinical diagnosis, to appraise the secondary literature that 

has already reviewed the field, and to identify the technical, clinical, ethical, regulatory, health-system and equity 

challenges that separate laboratory performance from clinical benefit.  

Methods: A structured, PRISMA 2020-guided review was conducted. The review covered primary diagnostic 

accuracy studies, prospective evaluations, randomised trials, systematic reviews, meta-analyses, regulatory 

analyses and policy documents. Methodological quality was interpreted through the QUADAS-2, QUADAS-AI 

and PROBAST frameworks. Findings were organised by clinical domain and by analytical perspective. 

Results: In retrospective, image-based tasks (retinal, dermatological, mammographic, thoracic, 

histopathological and electrocardiographic), AI systems frequently match or exceed clinicians. Evidence of real-

world clinical benefit is much thinner. Related reviews repeatedly report high heterogeneity, high risk of bias, 

scarce external validation and few prospective or randomised studies. Performance degrades across sites, devices 

and populations. Documented algorithmic bias, automation bias, limited explainability and unresolved 

regulatory and liability questions further constrain adoption. Evidence from low- and middle-income settings, 

including India, suggests that infrastructure, data governance and workforce readiness shape the benefit of AI as 

much as algorithmic accuracy does. 

Conclusion: The central barrier is the translational gap between statistical accuracy and demonstrated patient 

benefit. Closing it requires prospective multi-site validation, standardised reporting, subgroup-level fairness 

auditing, human-factors-informed deployment, federated and privacy-preserving data collaboration, and 

governance frameworks designed for adaptive software. 

Keywords: artificial intelligence; early diagnosis; deep learning; diagnostic accuracy; algorithmic bias; 

explainability; clinical decision support; PRISMA; health equity 

1. INTRODUCTION 

1.1 The diagnostic problem 

Diagnosis determines whether a patient receives the right treatment at the right time, so its quality shapes nearly 

every downstream outcome in medicine. A landmark consensus report concluded that most people will 

experience at least one diagnostic error in their lifetime, sometimes with devastating consequences [1]. Estimates 

from three large observational studies of United States adults suggest that roughly one in twenty outpatients 

experiences a diagnostic error each year, and that about half of these errors are potentially harmful [2]. Analyses 

of malpractice claims indicate that vascular events, infections and cancers account for around three quarters of 

serious misdiagnosis-related harm [3]. These are the conditions for which early detection changes prognosis most. 



IJHHMS   |  International Journal of Healthcare and Hospital Management Studies Vol. 2(1), January–June 2026 


IJHHMS  |  Vol. 2(1), January–June 2026  |  ISSN: 3134-5263 Page 2 of 18 

The causes are rarely a simple lack of knowledge. In a classic study of internal medicine cases, cognitive factors 

contributed to nearly three quarters of diagnostic errors and system-related factors to roughly two thirds, and the 

two frequently coexisted [4]. Heuristics such as anchoring, premature closure and availability bias help clinicians 

cope with uncertainty, but they also generate systematic mistakes [5]. A systematic review of cognitive biases in 

medical decision-making confirmed that such biases are widespread and associated with diagnostic inaccuracy 

[6]. Fatigue, time pressure, fragmented records and uneven access to specialists compound them. A technology 

that offers consistent attention, scalable pattern recognition and integration of high-dimensional data therefore 

addresses a real problem rather than a hypothetical one. 

1.2 The rise of AI in diagnosis 

Over the past decade, advances in deep learning, computing power and digitised health data have moved AI from 

a research curiosity to a candidate clinical tool. Topol described a convergence of human and artificial 

intelligence in which algorithms augment clinicians across imaging, pathology, physiological signals and 

electronic records [7]. Rajkomar and colleagues characterised machine learning as a general-purpose capability 

for extracting predictive structure from clinical data, one that raises distinctive challenges of validation, 

interpretability and fairness [8]. Reviews of the field have mapped applications from image interpretation to risk 

prediction [9,10]. Within the regional literature considered here, the role of AI in diagnostic medicine has also 

been examined as a component of broader healthcare transformation [11]. 

Several landmark studies established the credibility of the approach. A deep neural network detected referable 

diabetic retinopathy in retinal photographs with sensitivity and specificity above 90% at its chosen operating 

points [12]. A convolutional network classified skin lesions at a level comparable to board-certified 

dermatologists [13]. An international evaluation of a breast-screening system reported reductions in both false-

positive and false-negative reads relative to radiologists in two national datasets [14]. These results carried an 

implicit promise: if algorithms can find disease earlier and more consistently than people, the burden of delayed 

diagnosis might be substantially reduced. 

1.3 The translational gap 

The promise has not yet been matched by uniform evidence of clinical benefit. A systematic review of studies 

comparing deep learning with clinicians found that very few were prospective, that few were tested in real clinical 

settings, and that many carried a high risk of bias and made claims stronger than their designs supported [15]. A 

meta-analysis of deep learning in medical imaging found diagnostic accuracy broadly equivalent to that of 

healthcare professionals, but only a small fraction of studies compared the two groups on the same data [16]. 

Kelly and colleagues argued that clinical impact depends on far more than accuracy. It also requires 

generalisability, workflow integration, trust, regulatory clearance and evidence of effect on outcomes [17]. 

1.4 Context and rationale 

The question matters most where diagnostic capacity is scarcest. India, for example, faces a double burden of 

persistent infectious disease and rapidly rising non-communicable disease [18,19], together with marked regional 

and socioeconomic disparities in access to care, including in states such as Punjab [20]. AI could extend scarce 

specialist expertise, but it could equally entrench inequity if it is trained on unrepresentative data or deployed 

without infrastructure. A review that considers technical performance and system context together is therefore 

warranted. 

1.5 Objectives and contribution 

This review has four objectives. First, it synthesises the evidence on AI performance in early diagnosis across 

major clinical domains. Second, it appraises and compares the existing secondary literature, a "review of 

reviews". Third, it analyses the field from complementary technical, clinical, ethical, regulatory, health-system 

and equity perspectives. Fourth, it derives a set of analytical propositions and a research agenda. The contribution 

is an integrated reading of why high accuracy so often fails to translate into benefit, and what would change that. 
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2. CONCEPTUAL BACKGROUND 

2.1 Defining "early" diagnosis 

"Early diagnosis" covers three related activities. Screening detects disease in asymptomatic populations, as in 

mammography or retinal examination. Early case detection identifies disease at the first symptomatic stage and 

shortens the diagnostic interval. Pre-clinical prediction flags imminent deterioration before overt clinical signs, 

as in sepsis or acute kidney injury alerts. AI contributes differently to each. In screening it acts as a second reader 

or triage filter, in case detection as a decision-support aid, and in prediction as a continuous monitor. 

2.2 Families of AI methods 

Classical machine learning relies on hand-crafted features and statistical classifiers. Deep learning, especially 

convolutional networks, learns features directly from raw images and signals and now dominates medical image 

analysis [9]. Comprehensive surveys describe its application across radiology, pathology and ophthalmology 

[10]. Sequence and tabular models process electronic health records and physiological time series. Large 

language models (LLMs) and multimodal foundation models are the newest family. They generate free text and 

can in principle integrate images, notes and laboratory values [10]. Each family has distinct failure modes, so 

evidence cannot be pooled indiscriminately across them. 

2.3 Why accuracy is not benefit 

A diagnostic accuracy study asks whether a test classifies correctly. A clinical-utility study asks whether using 

the test improves patient outcomes. Between the two lie several conditions: the test must be used at the right point 

in a pathway, its results must be believed and acted on, the subsequent care must be effective, and overdiagnosis 

and false reassurance must not offset gains. Much of the AI literature remains at the first step. This distinction 

organises the analysis that follows. 

3. METHODS 

3.1 Design and reporting framework 

This review follows the PRISMA 2020 statement, which updates the original 2009 guidance and specifies 

reporting of eligibility criteria, information sources, selection, appraisal and synthesis [21,22]. Because the field 

spans heterogeneous designs, from diagnostic accuracy studies to policy analyses, elements of the PRISMA 

extension for scoping reviews (PRISMA-ScR) were also used to map the breadth of the evidence [23]. Practical 

guides on applying PRISMA-ScR to emerging-researcher projects informed the charting approach [24,25]. The 

overall design is therefore a PRISMA-guided structured review with narrative synthesis. Quantitative pooling 

was not attempted, because the included studies differ in disease, modality, reference standard and metric, and 

pooling across them would produce misleading summary estimates. 

3.2 Search strategy and eligibility (protocol) 

Table 1 summarises the search architecture and eligibility framework. The strategy is designed to be reproducible 

across PubMed/MEDLINE, Embase, Scopus, Web of Science, IEEE Xplore and the Cochrane Library, 

supplemented by regulatory and policy repositories and reference-list chasing. 

Table 1. Review protocol: search architecture, eligibility and appraisal framework 

Element Specification 

Population 
Patients or populations undergoing screening, triage or diagnostic evaluation in any care 

setting 

Intervention/index 

test 

AI-based diagnostic or early-detection systems (machine learning, deep learning, LLMs, 

multimodal models) 

Comparator Clinician performance, conventional tests, standard care, or no decision support 
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Outcomes 
Sensitivity, specificity, AUC; workload; time to diagnosis; patient outcomes; bias, safety, 

explainability, implementation and equity outcomes 

Study designs 
Diagnostic accuracy studies, prospective evaluations, RCTs, systematic reviews and 

meta-analyses, scoping reviews, regulatory analyses, policy and ethics papers 

Core concept 

blocks 

("artificial intelligence" OR "machine learning" OR "deep learning" OR "large language 

model") AND (diagnosis OR "early detection" OR screening OR triage) AND (validation 

OR accuracy OR bias OR implementation OR ethics OR regulation) 

Time window 2015 to the present, with earlier foundational sources on diagnostic error 

Language English 

Exclusions 
Non-clinical AI; purely technical papers with no clinical evaluation; conference abstracts 

without full data; duplicate publications 

Quality appraisal 

QUADAS-2 and QUADAS-AI for diagnostic accuracy; PROBAST for prediction 

models; reporting-completeness checks against TRIPOD, TRIPOD+AI, CONSORT-AI 

and DECIDE-AI 

Synthesis Narrative, domain-wise and perspective-wise; no meta-analytic pooling 

3.3 Selection process 

The PRISMA flow has four stages. Identification gathers records from databases and supplementary sources. 

Screening removes duplicates and screens titles and abstracts against the criteria in Table 1. Eligibility assesses 

full texts. Inclusion defines the final evidence set. In the intended workflow, two reviewers screen independently 

and resolve disagreements by consensus. No numeric flow counts are reported here, because they must come 

from an actual database export. The evidence base discussed below consists of landmark primary studies, major 

systematic reviews and meta-analyses, regulatory analyses and policy documents. It was purposively assembled 

to represent each clinical domain and each analytical perspective, and it makes no claim to exhaustiveness. 

3.4 Quality appraisal 

Methodological quality was interpreted through established tools. QUADAS-2 evaluates risk of bias and 

applicability in diagnostic accuracy studies across patient selection, index test, reference standard and flow and 

timing [26]. QUADAS-AI adapts this framework to AI-centred studies [28]. PROBAST assesses bias in 

prediction-model studies [27]. Users' guides for reading machine learning articles supplied additional heuristics 

for judging dataset provenance, validation and clinical relevance [29]. Reporting completeness was judged 

against TRIPOD for prediction models [30], its AI-specific update TRIPOD+AI [31], CONSORT-AI for trials 

[32] and DECIDE-AI for early-stage clinical evaluation [33]. 

3.5 Synthesis, ethics and originality 

Data were charted by domain, design, comparator, headline metric and principal limitation. Systematic review 

and meta-analysis methods used in other health domains served as methodological analogues for structuring 

synthesis [34]. Only published and publicly available materials were used, and the review followed accepted 

principles of research ethics and transparent reporting [35]. Textual originality was supported by paraphrase-

based drafting and similarity-screening practices described in the plagiarism-detection literature [36,37]. 

4. RESULTS 

4.1 The evidence landscape 

Three structural features of the evidence base recur across the literature. The first is a design imbalance. A meta-

research survey of studies reporting AI performance on medical images found that only a small proportion (about 

6%) performed external validation, and that few used prospective designs [38]. A systematic comparison of AI 

with clinicians in disease diagnosis likewise concluded that apparent equivalence rested on studies of variable 

methodological quality [39]. A meta-analysis of deep learning in imaging found very high between-study 

heterogeneity, which limits the interpretability of pooled accuracy [40]. 

The second feature is regulatory visibility. Comparative analyses of AI-based devices cleared in the United States 

and Europe show a steady growth in approvals, concentrated in radiology, but also uneven transparency about 
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the clinical evidence supporting clearance [41]. A public database of FDA-cleared AI-based devices documented 

the same concentration and the limited availability of performance data [42]. 

The third feature is the dominance of retrospective, single-modality, image-centric work. Prospective evaluations, 

outcome trials and studies of equity and implementation are far less common. These patterns frame the 

interpretation of every domain-specific finding below. 

4.2 Related research reviews: their results and outputs 

A review of this field must situate itself against the secondary literature. Table 2 compares the principal related 

reviews. Their conclusions are strikingly consistent. Accuracy is high in retrospective testing, evidence quality 

is low, and generalisability and implementation remain under-examined. 

Table 2. Related reviews, their outputs and analytical implications 

Ref. Review focus Principal results/outputs 
Key limitation 

identified 

Implication for 

this review 

[16] 

Deep learning vs. 

clinicians in imaging 

(systematic review and 

meta-analysis) 

Pooled accuracy of deep 

learning broadly equivalent to 

clinicians (e.g., sensitivity 

about 87% vs. 86%; specificity 

about 93% vs. 91% in like-for-

like comparisons) 

Few studies 

compared AI and 

clinicians on 

identical data; poor 

reporting 

Equivalence claims 

need like-for-like 

designs 

[15] 

AI vs. clinicians: 

design, reporting, 

claims 

Few prospective studies and 

few real-world tests; high risk 

of bias common; claims often 

overstated 

Scarcity of 

randomised 

evidence 

Treat headline 

claims with caution 

[38] 
Design characteristics 

of imaging AI studies 

Only a small share used 

external validation 
Narrow validation 

Generalisability is 

the exposed weak 

point 

[40] 

Diagnostic accuracy of 

deep learning in 

imaging (meta-

analysis) 

Good pooled accuracy in 

several specialties; very high 

heterogeneity 

Heterogeneity 

limits clinical 

interpretation 

Pooled estimates 

are context-

dependent 

[39] 
AI vs. clinicians in 

disease diagnosis 

Comparable performance, with 

concerns about quality and 

comparability 

Variable 

methodology 

Standardised 

comparison 

protocols needed 

[43] 

Machine learning for 

COVID-19 on chest 

imaging 

None of the reviewed models 

judged of potential clinical use 

due to methodological flaws 

Bias, duplication, 

poor reporting 

Crisis-driven 

research can mass-

produce unusable 

models 

[44] 

Prediction models for 

COVID-19 

diagnosis/prognosis 

Nearly all models at high or 

unclear risk of bias 

Weak validation 

and calibration 

Peer review alone 

does not guarantee 

model validity 

[17] 
Key challenges for 

clinical impact 

Impact depends on 

generalisation, workflow, trust, 

regulation and evidence of 

benefit 

Conceptual rather 

than empirical 

Provides the 

framework for 

Section 5 

[45] 
AI and patient safety 

(scoping review) 

AI offers safety opportunities, 

with risks from error and over-

reliance 

Heterogeneous 

evidence 

Safety must be 

studied as a system 

property 

[46] 

AI for healthcare in 

low- and middle-

income countries 

(scoping review) 

Many applications at early or 

pilot stages; limited real-world 

evaluation 

Sparse 

implementation 

data 

Evidence from the 

Global South is 

thin 

[47] 
Large language models 

in medicine 

Broad potential in 

documentation and decision 

Rapidly changing 

field 

LLM evidence is 

provisional 



IJHHMS   |  International Journal of Healthcare and Hospital Management Studies Vol. 2(1), January–June 2026 


IJHHMS  |  Vol. 2(1), January–June 2026  |  ISSN: 3134-5263 Page 6 of 18 

support; concerns over 

accuracy, bias and privacy 

[48] 

Deep learning for 

healthcare: 

opportunities and 

challenges 

Identified data heterogeneity, 

interpretability and privacy as 

barriers 

Largely technical 
Barriers are cross-

cutting 

[49] 

Deep learning in 

medical image 

analysis (survey) 

Mapped task types and 

architectures across imaging 

fields 

Performance 

reported mostly 

retrospectively 

Confirms imaging 

as the maturest 

domain 

[50] AI in cancer imaging 

Described clinical applications 

and challenges, including 

validation and integration 

Limited 

prospective data 

Oncology is a high-

value, high-risk 

application 

[51] AI in radiology 

Outlined the opportunities for 

detection, characterisation and 

monitoring 

Translational 

barriers 

Workflow 

integration is 

decisive 

[52] 

Digital transformation 

in hospital 

management 

(systematic review) 

Examined organisational 

enablers and barriers of digital 

health adoption 

Context-specific 

evidence 

Adoption depends 

on management as 

well as models 

[11] 

AI in diagnostic 

medicine (regional 

review) 

Discussed the diagnostic role of 

AI within healthcare 

transformation 

Conceptual breadth 

Supports the 

Global South 

framing 

[53] 

AI-driven prediction 

of antimicrobial 

resistance 

Considered machine learning 

with genomic epidemiology for 

stewardship 

Emerging evidence 

Illustrates 

diagnosis beyond 

imaging 

Reading the table. Four cross-cutting conclusions emerge. First, systematic reviews agree that accuracy is 

promising but under-validated [15,16,38,40]. Second, crisis-era reviews expose a failure mode in which large 

volumes of research are produced without clinical usability [43,44]. Third, conceptual reviews relocate the 

problem from the algorithm to the system [17,45]. Fourth, evidence from lower-resource settings is sparse and 

largely early-stage [46]. The current review adds domain-level comparison and a cross-perspective analysis that 

most prior reviews treat separately. 

4.3 Domain-wise evidence 

4.3.1 Ophthalmology. Diabetic retinopathy screening is the most mature application. The early validation of a 

deep learning algorithm on retinal photographs reported high sensitivity and specificity in two independent 

datasets [12]. A multiethnic validation reported sensitivity of about 90% and specificity of about 92% for 

referable disease and extended detection to related eye conditions [54]. An algorithm trained on optical coherence 

tomography scans produced referral recommendations with an error rate of about 5.5%, matching or exceeding 

expert performance [55]. A pivotal prospective trial in primary care led to the first autonomous AI diagnostic 

system authorised for this indication, with sensitivity of about 87% and specificity of about 91% [56]. Validation 

in India reported sensitivity of roughly 89 to 92% and specificity of roughly 92 to 95% against manual grading 

across two sites [57]. This domain also exposes the deployment gap. A human-centred study in Thai clinics found 

that poor image quality and workflow friction caused a considerable share of images (roughly one fifth) to be 

ungradable, frustrating nurses and patients despite strong laboratory performance [58]. An Australian primary-

care evaluation showed feasibility of AI-assisted screening outside specialist settings [59]. 

4.3.2 Dermatology. The 2017 skin-lesion classifier was trained on over 129,000 clinical images spanning more 

than 2,000 diseases and compared favourably with 21 dermatologists [13]. A study of dermoscopic melanoma 

recognition found that a convolutional network outperformed most of 58 dermatologists, with the largest gap 

relative to less experienced clinicians [60]. The most informative result for clinical practice, however, is human-

computer collaboration. In a large reader study, combined human-AI performance exceeded either alone, but 

incorrect AI suggestions degraded the accuracy of less experienced readers more than that of experts [61]. 

4.3.3 Breast screening. The international evaluation reported absolute reductions of 5.7% in false positives and 

9.4% in false negatives in the UK dataset, and 1.2% and 2.7% in the US dataset, relative to radiologists, along 

with a simulated reduction in second-reader workload [14]. A multi-dataset reader comparison found stand-alone 
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AI performance comparable to that of an average radiologist [62]. A randomised controlled screening trial 

subsequently reported that AI-supported reading reduced screen-reading workload by about 44% in its safety 

analysis, without evidence of inferior safety [63]. This is among the strongest prospective signals in the field, and 

its benefit is chiefly efficiency rather than discovery of new disease. 

4.3.4 Thoracic imaging. A three-dimensional deep learning system for low-dose CT lung cancer screening 

achieved an AUC of about 94% and reduced false positives and false negatives in settings without prior imaging 

[64]. A chest-radiograph algorithm matched radiologists on most of fourteen pathologies, outperformed them on 

one and underperformed on three [65]. In tuberculosis, a multi-site evaluation of three commercial systems in 

Nepal and Cameroon reported AUCs between 0.92 and 0.94 [66], and the World Health Organization 

subsequently endorsed computer-aided detection for screening in people aged fifteen and over [67]. A cautionary 

study showed that pneumonia models performed less well on data from outside their training hospitals, partly 

because they learned site-specific cues [68]. 

4.3.5 Pathology. A challenge benchmark for lymph-node metastasis detection found that the best algorithms 

exceeded a panel of pathologists working under time constraints (AUC about 0.99 versus about 0.88) [69]. A 

clinical-grade system trained on tens of thousands of slides with only slide-level labels reached AUCs above 0.98 

for several cancer types [70]. These results suggest pathology AI is promising for triage and quality control, 

though workflow digitisation is a prerequisite. 

4.3.6 Cardiology and physiological signals. A deep neural network classified twelve rhythm classes from 

ambulatory ECGs with an F1 score exceeding the average cardiologist's [71]. An AI-enabled ECG detected left 

ventricular systolic dysfunction with an AUC of about 0.93, hinting at opportunistic screening from an 

inexpensive test [72]. Retinal photographs have been used to predict cardiovascular risk factors, although 

discriminative performance for cardiac events was modest (AUC about 0.70) [73]. 

4.3.7 Early-warning systems. In acute care, a recurrent network predicted a substantial share of in-hospital acute 

kidney injury up to 48 hours ahead, including most cases requiring dialysis, at the cost of roughly two false alerts 

per true alert [74]. By contrast, an external validation of a widely deployed proprietary sepsis model found weak 

discrimination (AUC about 0.63), detection of only about a third of sepsis cases and alerts for a substantial share 

of all hospitalised patients [75]. A different sepsis system, evaluated prospectively across multiple hospitals, was 

associated with a relative reduction in mortality of about 19% among patients whose alerts were confirmed by 

clinicians within three hours [76]. Implementation research on a deep-learning sepsis system emphasised the 

sociotechnical work of embedding alerts in clinical routine [77]. Together these studies show that early-warning 

AI can succeed or fail on the same task depending on validation rigour and workflow design. 

4.3.8 Symptom checkers, LLMs and probabilistic reasoning. An audit of 23 symptom checkers found that the 

correct diagnosis was listed first in only about 34% of cases and within the top twenty in about 58% [78]. Later 

evaluations confirmed substantial variation across apps [79]. Large language models represent a step change in 

apparent capability. A medically tuned model reached about 68% on USMLE-style questions [80], and a general-

purpose chatbot performed at or near the passing threshold on licensing examination items [81]. Exam 

performance is not clinical reasoning, however. In a randomised trial, access to an LLM did not significantly 

improve physicians' diagnostic reasoning relative to conventional resources, although the model alone scored 

higher than either physician group [82]. This shows that capability does not automatically convert into clinician 

benefit. LLMs have also been shown to reproduce race-based medical misconceptions [83]. Causal machine 

learning offers an alternative to purely associational models, with a counterfactual diagnostic algorithm ranking 

within the top quarter of a panel of doctors on vignettes [84]. A paediatric system built from electronic records 

performed comparably to experienced physicians in several diagnostic categories [85]. 

4.3.9 Multimodal and foundation models. Reviews of multimodal biomedical AI emphasise the integration of 

imaging, genomics, notes and sensors as the next frontier [86]. The "generalist medical AI" concept proposes 

foundation models able to perform varied tasks with minimal task-specific labels [87]. Overviews of AI in health 

and medicine place these models within a broader trajectory from narrow tools to flexible assistants [88]. 

Evidence of clinical benefit for such systems is, as yet, almost entirely prospective in aspiration rather than in 

fact. 
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4.4 Comparative performance across landmark studies 

Table 3. Comparative synthesis of landmark evidence on AI in early diagnosis 

Domain Ref. Task/design 
Headline 

result 
Comparator 

Evidence 

level 
Main caveat 

Retina [12] 

Referable DR; 

retrospective 

validation 

Sensitivity 

about 97% at 

high-

sensitivity 

point; 

specificity 

about 93% 

Ophthalmologist 

reference 
Retrospective 

Curated 

datasets 

Retina [56] 

Autonomous 

DR detection; 

prospective 

primary care 

Sensitivity 

about 87%; 

specificity 

about 91% 

Reading-centre 

reference 
Prospective 

Image-quality 

dependence 

[58] 

Retina 

(India) 
[57] 

DR vs. manual 

grading, two 

sites 

Sensitivity 

about 89–

92%; 

specificity 

about 92–95% 

Manual graders 
Retrospective, 

multisite 

Workflow 

integration 

untested 

Skin [13] 
Lesion 

classification 

Matched 21 

dermatologists 
Dermatologists Retrospective 

Limited skin-

tone diversity 

Skin [61] 
Human-AI 

collaboration 

Combined 

accuracy 

exceeded 

either alone 

Clinicians Reader study 

Incorrect AI 

advice 

harmed 

novices 

Breast [14] 
Screening 

mammography 

Absolute 

reductions in 

false positives 

(1.2–5.7%) 

and false 

negatives 

(2.7–9.4%) 

Radiologists 
Retrospective, 

two countries 

Prospective 

effect 

unknown 

Breast [63] 

AI-supported 

reading; 

randomised 

Screen-

reading 

workload 

reduced by 

about 44% 

Standard double 

reading 

RCT (safety 

analysis) 

Outcome data 

still maturing 

Lung [64] 
LDCT 

screening 

AUC about 

0.94 
Radiologists Retrospective 

Prior-imaging 

dependence 

Chest X-

ray 
[65] 14 pathologies 

Matched 

radiologists on 

most labels 

Radiologists Retrospective Label noise 

TB [66] 
CAD for TB, 

multi-site 

AUC 0.92–

0.94 

Reference 

standard 

Multi-site 

retrospective 

Population 

specificity 

Pathology [69] 
Lymph-node 

metastasis 

AUC about 

0.99 vs. about 

0.88 

Pathologists, 

time-limited 

Challenge 

benchmark 

Time-

constrained 

comparator 

Cardiolog

y 
[72] 

ECG for LV 

dysfunction 

AUC about 

0.93 
Echocardiography Retrospective 

Population 

enrichment 

Acute 

care 
[74] 

AKI prediction 

up to 48 h 

Predicted most 

dialysis-

requiring 

cases 

Clinical course Retrospective 

About 2 false 

alerts per true 

alert; skewed 

cohort 
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Acute 

care 
[75] 

Sepsis model 

external 

validation 

AUC about 

0.63; about 

one-third 

sensitivity 

Clinician-

recognised sepsis 

External 

retrospective 

Poor 

generalisation 

Acute 

care 
[76] 

Sepsis early 

warning; 

prospective 

About 19% 

relative 

mortality 

reduction 

(confirmed 

alerts) 

Usual care 
Prospective 

multisite 

Observational 

design 

Triage [78] 
Symptom 

checkers 

Correct first 

diagnosis 

about 34% 

Vignette truth Audit 
Vignette-

based 

LLM [82] 

Physician 

diagnostic 

reasoning 

No significant 

gain with 

LLM access 

Conventional 

resources 
RCT 

Small sample; 

single task 

type 

Interpretation. Three patterns stand out in Table 3. First, performance is highest and best replicated in well-

defined, image-based classification with a stable reference standard. Second, studies at the prospective or 

randomised level tend to report efficiency or process gains (workload, time) more readily than diagnostic gains. 

Third, the same task can yield opposite outcomes under different validation conditions, as the two sepsis studies 

show [75,76]. This variation across validation conditions is arguably the most important comparative finding of 

the review. 

5. ANALYSIS FROM MULTIPLE PERSPECTIVES 

5.1 The technical perspective: generalisation, robustness and explainability 

Distribution shift. Models trained on one hospital's data learn the quirks of its scanners, protocols and 

populations. The pneumonia study demonstrated this concretely [68]. Reviews that find high heterogeneity and 

sparse external validation [38,40] are measuring the same underlying weakness. Models that appear to learn 

pathology may be exploiting confounders such as equipment markers or prevalence differences between sites. 

Adversarial vulnerability. Medical machine learning systems can be manipulated through small, imperceptible 

perturbations, and the financial incentives in healthcare create realistic motives for such attacks [89]. Robustness 

testing remains uncommon in clinical AI papers. 

Explainability. Proponents of explainability argue that clinicians and patients need reasons as well as outputs, 

and a multidisciplinary analysis identified technological, legal, clinical and patient-centred grounds for this [90]. 

Sceptics note that current post-hoc explanation techniques may give false comfort. They highlight regions of an 

image without guaranteeing that the model's reasoning is faithful or clinically meaningful [91]. A further view 

holds that, for high-stakes decisions, inherently interpretable models should be preferred over explaining black 

boxes [92]. These positions are not reconcilable by technique alone. The right balance depends on the task, the 

risk and the clinician's ability to verify the output independently. 

5.2 The clinical perspective: human-AI interaction and workforce 

Automation bias and over-reliance. An experiment on clinical decision aids found that participants were 

influenced by advice irrespective of its purported source, and that low-quality advice degraded decisions [93]. A 

study of mammography reading showed that incorrect AI suggestions reduced radiologists' accuracy sharply, 

most severely for less experienced readers [94]. This echoes the dermatology finding that novices are most 

harmed by wrong AI advice [61]. Because AI mistakes are least likely to be caught by the people who most need 

support, AI can widen rather than narrow skill gaps. 

The clinician's role. Commentators argue that the proper aim is not to replace physicians but to free them for 

the human elements of care, which algorithms cannot supply [95]. Clinical decision support in the AI era must 

be designed to preserve clinician judgement, provide understandable output and avoid alert fatigue [96]. 
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Workforce and organisational factors. Systems-level analyses of burnout and bureaucracy in healthcare 

professionals show that excess administrative burden is a driver of distress [97]. AI that adds alerts or 

documentation overhead will compound this, whereas AI that removes low-value tasks may help. Leadership 

style shapes how technology is adopted in hospitals [98], and crisis-leadership scholarship stresses organisational 

learning from failure [99]. Both are relevant to how institutions respond when AI systems err. 

5.3 The ethical perspective: bias, privacy and accountability 

Algorithmic bias. Bias can enter through unrepresentative data, label choice and deployment context. A widely 

cited analysis of a commercial risk algorithm found that, at the same risk score, Black patients were considerably 

sicker than white patients, because the algorithm used healthcare cost as a proxy for need, and correcting this 

would have substantially increased the share of Black patients flagged for extra care [100]. In diagnostics, a large 

study of chest-radiograph classifiers found systematically higher underdiagnosis rates among female, younger, 

Black, Hispanic and lower-income patients [101]. Electronic health record data carry biases arising from 

differential access, documentation and missingness [102]. Frameworks for clinical safety stress that bias is a 

patient-safety issue, not merely a fairness concern [103]. Others argue that AI could also reduce disparities if 

designed with equity as an explicit objective [104,105]. Broader analyses of algorithmic bias and social 

stratification in digital societies reach a similar conclusion, namely that algorithms inherit and can amplify 

existing social hierarchies [106]. 

Privacy and surveillance. Large-scale health data aggregation challenges traditional notions of consent and de-

identification, and existing privacy law fits poorly with data-hungry machine learning [107]. Wider scholarship 

on digital surveillance and sovereignty in the Global South warns that data infrastructures can be repurposed for 

control, which makes governance of health data a political as well as technical issue [108]. Ethical analyses of 

implementing machine learning in healthcare identify consent, transparency, fairness and the duty of care as core 

concerns [109]. 

Accountability. When an AI-assisted diagnosis is wrong, responsibility is distributed among developer, 

institution and clinician. Current liability doctrines were not designed for adaptive, opaque software, and the 

resulting ambiguity may encourage either defensive over-reliance on AI or defensive disregard of it [111]. 

5.4 The regulatory and legal perspective 

Regulation is moving from device-centric to lifecycle-centric models. The World Health Organization's guidance 

sets out ethical principles including protecting autonomy, promoting well-being, ensuring transparency, fostering 

accountability, ensuring inclusiveness and promoting sustainable AI [110]. The European Union's AI Act 

classifies many medical AI systems as high-risk and imposes obligations of risk management, data governance, 

transparency and human oversight [112]. Legal analyses highlight unresolved issues around software as a medical 

device, adaptive algorithms and cross-border data flows [111]. Health-legislation scholarship argues that 

statutory frameworks are central to strengthening national health systems and must anticipate technological 

change [113]. A roadmap for responsible machine learning in healthcare adds that regulation should be coupled 

with deployment-time monitoring, because performance drifts as populations and practice change [114]. The 

reporting standards in Section 3 (TRIPOD+AI, CONSORT-AI, DECIDE-AI) function as soft regulation by 

raising the evidential floor for publication [31–33]. 

5.5 The health-system and economic perspective 

AI succeeds or fails inside organisations. Digital-transformation research in hospital management identifies 

leadership, infrastructure, staff capability and change management as determinants of success [52]. Machine 

learning is also being applied to hospital operations, including facility management, which suggests that 

diagnostic AI will compete with and complement other digital priorities for scarce capital [115]. Evidence-based 

environmental design and educational interventions have been argued to improve healthcare outcomes [116], a 

reminder that diagnosis is one input among many. Infection-control scholarship likewise frames patient safety as 

a bundle of system strategies [117]. Because diagnostic AI changes workflow, it requires structured 

organisational learning and workforce development in the same way as other major change programmes [118]. 

Trauma-informed and patient-centred cultures matter too, since they shape whether patients accept and benefit 

from technological care [119]. Analyses of patient engagement in AI-driven systems argue that communication, 

transparency and shared decision-making must be redesigned alongside the technology [120]. 
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The economic case remains under-evidenced. Efficiency gains, such as the screen-reading reduction in breast 

screening [63], are tangible, but few studies report cost-effectiveness, downstream costs of false positives or the 

cost of monitoring and maintaining models. These gaps are a priority for health-technology assessment. 

5.6 The equity and Global South perspective 

The promise and the risk are both greatest in low-resource settings. Analyses of AI in resource-poor contexts 

argue that it could help where specialists are scarce, but only if it fits local infrastructure, data realities and disease 

profiles [121]. Reviews of applications in rural areas of developing countries describe both opportunities and 

obstacles, including connectivity and training [122]. A scoping review of low- and middle-income evidence 

found many pilots and few rigorous evaluations [46]. India's national AI strategy identified healthcare as a priority 

domain, reflecting both need and ambition [125]. 

Digital health equity scholarship shows that access and outcomes in telemedicine vary systematically across 

socioeconomic groups [123]. This suggests that diagnostic AI delivered through digital channels may inherit the 

same gradient. Work on smart cities and spatial justice makes the parallel point that technological upgrades can 

concentrate benefit in already advantaged areas [124]. Socio-legal analyses of health disparities in Punjab show 

how structural inequities and legislative gaps shape care [20], and epidemiological studies of India document a 

heavy and shifting disease burden that algorithms trained elsewhere may not reflect [18,19]. Social stigma, such 

as that documented for cancer among students in Punjab, can also delay presentation regardless of how good the 

diagnostic test is [126]. In such settings, an accurate algorithm addresses only one link in a long chain from 

symptom recognition to treatment. 

The tuberculosis and diabetic-retinopathy experiences are encouraging, because they show AI-assisted screening 

validated and endorsed in lower-resource settings [57,66,67]. The Thai clinic experience, however, shows that 

pre-deployment context assessment is non-negotiable [58]. 

6. SYNTHESIS: ANALYTICAL PROPOSITIONS 

To make the review's reasoning citable and testable, we state its principal conclusions as propositions derived 

from the evidence above. 

Proposition 1 (The validation-gradient proposition). Reported diagnostic performance of AI declines as 

validation moves from internal, to external, to prospective, to randomised designs, and the decline is steepest 

where models exploit site-specific cues. Support: [38,40,68,75,76]. 

Proposition 2 (The efficiency-before-discovery proposition). The earliest robust prospective benefits of 

diagnostic AI are in workload and process efficiency rather than in improved detection of disease. Support: 

[14,63,82]. 

Proposition 3 (The novice-vulnerability proposition). Wrong AI advice harms less experienced clinicians 

most, so unsupervised deployment can widen skill-related disparities in care. Support: [61,94]. 

Proposition 4 (The proxy-and-subgroup proposition). Population-level accuracy conceals subgroup failure, 

and bias often originates in the choice of labels and proxies rather than in algorithmic design alone. Support: 
[100,101,102,103]. 

Proposition 5 (The context-dependence proposition). The clinical value of a diagnostic algorithm depends on 

the surrounding pathway: image quality, referral capacity, treatment availability, stigma and trust. Support: 

[58,120,126]. 

Proposition 6 (The governance-lag proposition). Regulation and liability frameworks lag behind adaptive and 

generative systems, and reporting standards currently perform much of the quality-assurance work. Support: [31–

33,110–112,114]. 
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7. FUTURE DIRECTIONS 

7.1 From retrospective accuracy to pragmatic trials 

The priority is evidence of effect on outcomes. Systematic reviews of randomised trials of machine learning 

interventions show the trial literature is small, mostly single-centre and inconsistent in reporting participant 

characteristics [128]. Pragmatic, multi-site, stepped-wedge or cluster-randomised trials that measure time to 

diagnosis, stage at diagnosis, treatment and mortality are required. Early-stage human-factors studies reported 

under DECIDE-AI should precede them, so that failures of usability do not masquerade as failures of efficacy 

[33]. 

7.2 Standardised reporting and appraisal 

Wider adoption of TRIPOD+AI, CONSORT-AI, DECIDE-AI and QUADAS-AI would make studies 

comparable and appraisable [28,31–33]. Journals, funders and regulators could make these checklists conditions 

of submission or approval. Living systematic reviews, as pioneered during COVID-19, could keep syntheses 

current in a field that changes monthly [44]. 

7.3 Privacy-preserving collaboration 

Federated learning trains shared models without moving patient data and is promising for rare diseases and 

underrepresented populations [126]. A multi-institutional COVID-19 study using this approach reported gains in 

average discrimination (about 16%) and generalisability (about 38%) over locally trained models [127]. 

Federated approaches do not remove the need for governance, auditing and incentives for participation, and the 

surveillance concerns raised earlier still apply [108]. 

7.4 Fairness by design and continuous auditing 

Fairness should be assessed before deployment and monitored afterwards, with subgroup reporting by sex, age, 

ethnicity, geography and socioeconomic status as a minimum standard [101,105]. Dataset documentation, label 

audits and participatory design with affected communities are further safeguards. Where social stratification is 

the underlying driver, technical fixes must be paired with structural ones [106]. 

7.5 Human-centred deployment 

Future systems should present calibrated uncertainty, support disagreement rather than silent override, and adapt 

their level of assistance to clinician experience, given the novice-vulnerability evidence [61,94]. Training 

programmes should address AI literacy and automation bias. Organisational learning mechanisms, including 

incident reporting, feedback loops and leadership engagement, should be established before go-live [99,118]. 

7.6 Multimodal, causal and generative models 

Multimodal integration may improve early detection where single-modality signals are weak [86], and causal 

approaches may improve robustness to distribution shift [84]. Foundation models and LLMs require especially 

careful evaluation, including bias audits, hallucination testing and prospective trials with clinical endpoints 

[47,82,83,87]. Specialist applications such as AI-driven prediction of antimicrobial resistance illustrate how AI 

diagnosis can extend to laboratory and genomic data and support stewardship [53]. 

7.7 Equity-focused implementation research in low-resource settings 

India and similar settings need implementation studies that measure not only accuracy but also uptake, referral 

completion, cost and patient experience. These should be co-designed with frontline workers and linked to 

national digital health architecture and legislation [113,125]. Investment in connectivity, data standards and 

workforce training is a precondition for any benefit [123]. 
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8. STRENGTHS AND LIMITATIONS 

Strengths. The review integrates primary evidence, secondary reviews, regulatory analysis and equity 

scholarship in a single framework. It applies consistent appraisal lenses (QUADAS-2, QUADAS-AI, PROBAST) 

and offers explicit, testable propositions. 

Limitations. First, the evidence base was purposively assembled rather than retrieved by an executed, 

documented search, so selection bias is possible and numeric PRISMA flow data are not reported. Second, 

heterogeneity precluded meta-analytic pooling, so comparisons in Tables 2 and 3 are narrative and should not be 

read as pooled estimates. Third, the field moves quickly, especially for large language models, and some findings 

will date rapidly. Fourth, publication bias probably inflates reported performance. Fifth, evidence from low-

resource settings and from non-English literature is underrepresented. Sixth, regional sources drawn from the 

supplied reference list were used for contextual and conceptual support, and their findings were not independently 

verified here. Finally, any future update should add dual independent screening and a registered protocol. 

9. CONCLUSION 

AI has demonstrated, in well-defined and largely retrospective tasks, that it can match and sometimes exceed 

clinicians in detecting disease from images, signals and records. The strongest prospective signals so far concern 

efficiency, as in screening workload, and selected early-warning applications. The weakest signals concern 

whether algorithms improve outcomes for patients, particularly across institutions and populations. Related 

reviews converge on this diagnosis: high heterogeneity, high risk of bias, scant external validation and limited 

reporting quality. The perspectives analysed here show that the obstacles are not only technical. Automation bias, 

subgroup underperformance, opaque reasoning, regulatory lag, organisational unreadiness and structural inequity 

each can turn a statistically excellent algorithm into a clinically marginal or even harmful one. 

The agenda is therefore clear. Evidence should move from retrospective accuracy to pragmatic trials with patient-

centred outcomes. Reporting and appraisal should be standardised. Fairness should be audited continuously and 

by subgroup. Deployment should be designed around human factors and organisational learning. Privacy-

preserving collaboration should widen the data base. Implementation research in low-resource settings should be 

funded as a priority rather than an afterthought. If these steps are taken, AI can plausibly shorten the diagnostic 

interval, extend scarce expertise and reduce preventable harm. If they are not, the field risks producing a large 

body of accurate algorithms with little demonstrable effect on patients' lives. 
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