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Abstract

Artificial intelligence (Al) is increasingly being used to assess clinical competence, yet its measurement performance relative to
human examiners remains uncertain across professions, tasks, and assessment formats. This systematic review and exploratory
meta-analysis evaluated agreement, association, reliability, validity, score differences, classification performance, and human-
human benchmarking for Al-based assessment of human clinical competence. Searches identified 29 eligible reports representing
27 independent studies across medicine, dentistry, nursing, pharmacy, and paramedicine. Owing to substantial heterogeneity in
measurement methods, most outcomes were synthesized narratively. Two independent studies reported Spearman correlations
and were included in an exploratory random-effects meta-analysis despite differing substantially in clinical assessment context
using Fisher z transformation and restricted maximum likelihood estimation. The pooled Al-human association was p = 0.82 (95%
Cl, 0.55-0.93). The two correlations were numerically similar (I = 0%), but between-study heterogeneity could not be estimated
reliably because only two studies were available. This estimate should be interpreted cautiously as a cross-context summary of
association rather than a common clinical effect. Direct agreement varied markedly across studies, and favorable correlations or
reliability estimates sometimes coexisted with systematic score differences or disagreement near decision thresholds.
Performance appeared strongest in structured, rubric-based tasks and more variable for communication, non-technical skills, and
context-dependent judgments. Human-reference quality, input equivalence, model choice, and validation design also influenced
interpretability across studies. The available measurement evidence is most compatible with human-supervised formative,
supplementary, second-rater, or quality-assurance applications; autonomous high-stakes use requires stronger external
validation, reproducibility, and decision-level safety evidence.
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1. Introduction

Clinical competence integrates knowledge, clinical reasoning, technical and procedural skills, communication,
professionalism, and decision-making in patient care (Epstein & Hundert, 2002). Its assessment informs feedback,
progression, certification, and readiness for independent practice. Contemporary competency-based and
programmatic assessment approaches therefore emphasize repeated observation of performance across tasks and
contexts rather than reliance on isolated examinations (van der Vleuten & Schuwirth, 2005; van der Vleuten et al.,
2012; Van Melle et al., 2019). Human examiners remain central because expert judgment can integrate contextual
and qualitative features of performance, but rater-mediated assessment is also affected by variability in attention,
standards, frames of reference, and interpretation of competence (Gingerich et al., 2014; Prentice et al., 2020). This
creates both a psychometric and operational challenge: assessment systems require sufficient sampling and expert
judgment while operating within finite faculty resources.

Artificial intelligence offers a potential means of increasing scoring capacity and supporting scalable assessment.
Earlier automated systems used machine learning, natural-language processing, sensor data, or structured
performance indicators; more recent deep-learning, computer-vision, large-language-model, generative-Al, and
multimodal systems can evaluate written clinical reasoning, transcripts, speech, images, video, movement, and
combinations of these inputs (Lucas et al., 2024; Shaw et al., 2025; Tozsin et al., 2024). Primary validation studies
now compare Al-generated assessments directly with trained human examiners in OSCEs, clinical documentation,
simulated encounters, procedural performance, and rubric-based reasoning tasks. Reported performance, however,
varies by model, task, competence domain, input modality, scoring framework, and validation design, and favorable
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association can coexist with systematic differences in absolute scores (CampbeH et aI 2025; L,uqfdo et al., 2025;
Quah et al., 2024; Tekin et al., 2025; Yokose et al., 2025b). —

Agreement, reliability, association, and validity are related but distinct measurement properties. Agreement
concerns whether Al and human examiners produce sufficiently similar measurements of the same performance;
reliability concerns reproducibility or consistency; and validity concerns the evidence supporting interpretation and
intended use of the resulting scores (Mokkink et al., 2010; Cook & Hatala, 2016). Pearson and Spearman correlations
quantify association rather than absolute agreement: two assessors can rank candidates similarly while one is
systematically more lenient or severe (Bland & Altman, 1986). Human ratings are also imperfect, so human-human
reliability can provide an important contextual benchmark rather than assuming that a single examiner is an error-
free gold standard.

Existing reviews describe broad applications of Al in health professions education and automated assessment of
procedural skills, but the focused question of how well Al-generated assessments of human clinical competence
correspond with human examiner judgments remains difficult to answer because studies report non-equivalent
statistics, including ICCs, correlations, kappa coefficients, Gwet coefficients, percentage agreement, paired score
differences, Bland-Altman analyses, and classification measures (Feigerlova et al., 2025; Pedrett et al., 2023; Shaw
etal., 2025). The present systematic review and exploratory meta-analysis therefore evaluated Al-human association
and agreement, reliability and validity evidence, systematic score or classification disagreement, factors associated
with variation in measurement performance, and human-human benchmarks where directly comparable.
Compatible effect measures were pooled only when sufficiently similar; non-equivalent measurement properties
were synthesized separately.

2. Methods

2.1 Reporting Framework and Eligibility

This systematic review and exploratory meta-analysis was reported in accordance with PRISMA 2020 and the
literature search was additionally guided by PRISMA-S (Page et al., 2021; Rethlefsen et al., 2021). Terminology and
interpretation of agreement and reliability were informed by GRRAS and relevant COSMIN principles (Kottner et al.,
2011; Mokkink et al., 2010). The review was not prospectively registered. Eligibility criteria, distinctions among
measurement properties, and the decision not to combine conceptually different statistics into a single measure of
'Al accuracy' were established before the final quantitative synthesis.

Eligible studies evaluated students, trainees, or practicing health professionals undergoing assessment of clinically
relevant competence or performance. Settings included OSCEs, simulation, procedural or technical skills, history
taking, communication, clinical reasoning, documentation, workplace-oriented assessment, and related structured
evaluations. Studies limited to factual knowledge or general academic performance were excluded, as were studies
in which Al itself was the examination candidate.

The index assessment was an Al system that independently generated a quantitative score, ordinal rating, categorical
judgment, competence classification, or other evaluative output from human clinical performance. Eligible
technologies included conventional machine learning, natural-language processing, neural networks, deep learning,
computer vision, speech-processing systems, large language models, generative Al, and multimodal Al. The
reference assessment required at least one identifiable human examiner, trained assessor, standardized patient,
clinical educator, practicing clinician, or expert panel evaluating the same underlying performance or response.
Differences in information available to Al and human assessors were extracted because they could materially
influence agreement.

Eligible outcomes included agreement or concordance (e.g., ICC, kappa, Gwet coefficients, percentage agreement,
paired score differences, Bland-Altman results), association (Pearson or Spearman correlation), reproducibility or
reliability, validity evidence, categorical or classification performance, and human-human agreement when reported
alongside Al-human comparisons. Reviews, editorials, commentaries, protocols, studies without an eligible human
comparator, Al used only for teaching or feedback, non-clinical academic outcomes, synthetic-only candidate
performances, and reports without sufficient quantitative information were excluded. Potentially overlapping
reports were linked, and duplicate participant data were not counted more than once. For the present evidence
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window, eligibility was restricted to reports published or publicly available on-or'b‘efore“30-ApriI, 2026; reports first
available from 1 May 2026 onward were excluded. —

2.2 Information Sources, Selection, and Data Extraction

A comprehensive search of MEDLINE via PubMed, Embase, Scopus, Web of Science Core CoIIectlon ERIC, and IEEE
Xplore was conducted. Search concepts covered artificial intelligence, clinical competence/performance, and
assessment/scoring, using controlled vocabulary where available and title, abstract, and keyword terms. Searches
were supplemented by backward and forward citation searching, preprint repositories, and publication-history
searches to identify eligible reports and potentially overlapping publications. No language restriction was applied
during the electronic search. Full database-specific strategies are provided in Supplementary Appendix S1. Records
were imported into EndNote and duplicate records were identified and removed using EndNote’s duplicate-
detection function. The exact database-specific retrieval counts and individual database search dates were not
retained in the review records and therefore could not be reconstructed reliably.

Title and abstract screening was performed by one reviewer. Full-text eligibility assessment and data extraction were
subsequently independently checked by a second reviewer. The two reviewers compared their assessments and
extracted data, and no disagreements requiring resolution occurred.

Records were assessed against the prespecified eligibility criteria at title/abstract and full-text stages. Particular
attention was given to separating studies in which Al assessed human clinical performance from the much larger
literature in which Al systems completed medical examinations or diagnostic tasks. A structured extraction
framework recorded study and participant characteristics, assessment context, Al system and input modality, human
reference assessment, validation design, model configuration where available, scoring framework, and all eligible
measurement outcomes. Independent test or validation results were preferred over development-set performance;
multiple tasks or Al systems from the same cohort were retained for narrative interpretation but were not treated
as independent studies in meta-analysis.

2.3 Outcome Classification and Methodological Appraisal

Absolute agreement was distinguished from consistency and association. Absolute-agreement ICCs, paired
differences, Bland-Altman analyses, and appropriate agreement coefficients were interpreted as evidence
concerning similarity of measurements; consistency ICCs were interpreted separately; Pearson and Spearman
coefficients were treated only as measures of association. Reliability referred to stability of Al-generated assessment
when the underlying performance was unchanged, and validity evidence was interpreted according to the inference
supported rather than solely by terminology used by study authors. Human assessment was treated as a reference
assessment rather than an error-free gold standard.

Methodological appraisal used an adapted domain-based framework tailored to the measurement question; it was
not a standard COSMIN or QUADAS-2 assessment. COSMIN principles informed appraisal of reliability and
measurement-error evidence, while QUADAS-2 principles informed consideration of categorical or classification
performance (Mokkink et al., 2010; Whiting et al., 2011). Domain-level judgments were summarized as favorable,
some concern/limitation, or unclear/not reported. A favorable judgment indicated that the available study reporting
supported the domain without an identified material limitation; some concern/limitation indicated that the domain
was only partially addressed or that an identifiable limitation affected interpretation; and unclear/not reported
indicated insufficient information to support a definite judgment. These categories were used as review-specific
interpretive judgments rather than as a validated numerical quality or risk-of-bias score. Al-specific features included
development-evaluation separation, potential training-test leakage, external validation, adequacy and
independence of the human reference assessment, assessor blinding, number of human raters, Al-human
information equivalence, model/version identification, prompt or configuration reproducibility, treatment of
repeated stochastic outputs, missing performances, and selective reporting. Detailed study-level characteristics and
appraisal are provided in Supplementary Tables S1-S2 and Supplementary Figure S1.

The methodological appraisal of the included studies was independently checked by a second reviewer. No
disagreements in appraisal judgments occurred.

2.4 Statistical Synthesis
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Statistics representing different measurement properties were not collapsed into_a single fpooled measure. ICCs,
kappa statistics, percentage agreement, paired differences, Bland-Altman results, “classification measures; and
validity evidence were synthesized descriptively when statistical formulation, scoring structure, or clinical construct
differed materially. Quantitative synthesis was considered when at least two independent. studies reported a
sufficiently comparable effect measure. Because only two studies contributed to the Spearman synthesis, the pooled
estimate was treated as exploratory and interpreted cautiously. Representative study-level findings were tabulated
toillustrate the range of measurement properties, assessment contexts, and direction of Al-human correspondence;
this illustrative table was not intended as an exhaustive outcome table.

For narrative synthesis, findings were first organized according to the measurement property assessed and were
then descriptively compared across study and assessment characteristics. Assessment contexts were grouped as
procedural/technical, clinical reasoning/written, OSCE-based or closely structured, and history-
taking/communication/non-technical simulation. Recurring patterns in Al-human correspondence were identified
by comparing findings across these groups together with Al architecture, information equivalence, scoring structure,
and human-reference characteristics. These comparisons were descriptive and were not treated as formal subgroup
or moderator analyses.

Two independent studies reported overall Spearman rank correlations between Al-generated and human-reference
scores. Although the same dimensionless association metric was reported, the studies evaluated clinically distinct
assessment contexts—laparoscopic surgical-skill performance and post-OSCE clinical-note grading. The quantitative
synthesis was therefore undertaken as an explicitly exploratory analysis intended to summarize the direction and
approximate magnitude of Al-human score association rather than to estimate a common clinical effect across
equivalent constructs. Each coefficient was Fisher-z transformed and its sampling variance estimated using the
Bonett-Wright approximation (Bonett & Wright, 2000). A random-effects model was fitted using restricted maximum
likelihood (REML) for between-study variance. Because only two studies were available, confidence intervals were
calculated using the modified Knapp—Hartung procedure with the variance safeguard described by Rover et al.
(2015). For Fisher-transformed correlations y;, random-effects weights were w; = 1/(v; + %) where v; =
(1+ p?/2)/(n; — 3) was the Bonett—-Wright sampling variance. The Hartung—Knapp variance factor was q =
Y w; (y; — )?/(k — 1) with the safeguard q* = max(1,q). The variance of the pooled estimate was therefore
q"/ X wj, and the 95% confidence interval used the student- t distribution with k — 1 degrees of freedom before
back-transformation to Spearman’s p. With two studies, the analysis used 1 degree of freedom. Heterogeneity was
described using Cochran's Q, t%, and I?, although these statistics were interpreted cautiously because only two
studies were available. Meta-regression and formal tests of funnel-plot asymmetry were not performed. Analyses
were conducted in Python 3.13.5 using NumPy 2.3.5 and SciPy 1.17.0.

3. Results

3.1 Study Selection and Evidence Base

The search identified 2,846 records through database and other electronic searches and 173 additional records
through citation searching, preprint repositories, publication-history searches, and other supplementary sources.
After removal of 824 duplicates, 2,195 unique records were screened; 177 reports underwent full-text assessment
and 148 were excluded. Twenty-nine reports representing 27 independent studies or participant/performance
cohorts met the eligibility criteria. Where preprint, peer-reviewed, or other companion publications represented the
same underlying participant/performance cohort, they were linked and duplicate participant data or effect
estimates were not counted as independent evidence. All 27 independent studies contributed quantitative evidence
to at least one measurement property, and two contributed to the Spearman meta-analysis.

859

Adolescencia e Saude, vol. 21, No.8s, p. 856-883



5 o
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Medicine accounted for 22 of 27 studies (81.5%), followed by dentistry (n = 2), nursing (n = 1), pharmacy (n = 1), and

allied health/paramedicine (n =

1). Seventeen studies (63.0%) involved student-only populations. Assessment

contexts included procedural/technical performance, written clinical reasoning or documentation, OSCE-based
assessment, and history-taking, communication, or other non-technical simulated performance. Al approaches
spanned conventional machine learning and NLP, deep learning and computer vision, and more recent
LLM/generative and multimodal systems. Human reference assessments ranged from single clinicians or
standardized patients to multiple trained examiners and expert panels.

Table 1. Aggregate characteristics of the 27 independent studies.

Characteristic Studies, n (%)
Total independent studies 27 (100)
Medicine 22 (81.5)
Dentistry 2(7.4)
Nursing 1(3.7)
Pharmacy 1(3.7)
Allied health / paramedicine 1(3.7)
Student-only populations 17 (63.0)
Practicing professionals only 3(11.1)
Mixed training/professional levels 5(18.5)
Examination/licensure or unclear level 2(7.4)
Procedural/technical assessment 8(29.6)
Clinical reasoning/written assessment 8(29.6)
OSCE-based/closely structured assessment 6(22.2)
History-taking/communication/non-technical simulation 5(18.5)

860

Adolescencia e Saude, vol. 21, No.8s, p. 856-883



Detailed study-level characteristics are provided in Supplementary Table S1. Methedological quality varied: stronger
studies used multiple trained raters, calibrated instruments, blinding, independent test sets, repeated scoring; or
generalizability analyses. Common limitations were small or single-institution samples, internal rather than external
validation, incomplete development-evaluation separation, limited model/configuration reporting, weak human
reference standards, and mismatch in information available to Al and human assessors. Generative-Al
reproducibility was often incompletely reported.

Across the 27 studies, assessor blinding with respect to the comparative Al-human assessment was unclear or not
reported in all 27 (100%), and none was classified as providing independent external validation in a separate
population or institution. Fourteen studies (51.9%) clearly described multiple trained, expert, or independent human
reference raters or an expert panel. Al and human assessors received materially equivalent or substantially
comparable information in 18 studies (66.7%), whereas 9 (33.3%) had partial equivalence or a clear information
mismatch. Only one study (3.7%) explicitly evaluated repeated-run stability of Al-generated scoring.

3.3 Al-Human Agreement, Association, and Score Differences

Direct agreement varied markedly and could not be represented by one pooled coefficient because studies used
different measurement models and units. Several structured assessments reported high correspondence: Latifi et
al. (2016) reported 95.4% agreement between automated and physician scoring across 8,007 clinical decision-
making responses; Holderried et al. (2024) reported Cohen's k = 0.832; Liu et al. (2025) reported human-Al
consistency ICCs above 0.923 across three history-taking cases. In contrast, Yokose et al. (2025b) and Mitsuhashi et
al. (2025) reported poor agreement across several OSCE and non-technical-skill domains.

Table 2. Representative quantitative findings illustrating Al-human measurement performance across assessment
contexts and measurement properties.

Study Assessment context
Clinical decision-
making responses
Simulated history
taking

Principal metric Main finding

Latifi et al. (2016) Exact agreement Al-human agreement 95.4%

Holderried et al.

(2024) K=.832

Cohen's k

All-rater ICC = .858 and .794; Al-

Quah et al. (2024)

Dental clinical essays

ICC / Pearson
correlation

manual
r=.829 and .599

Luordo et al. (2025)

OSCE clinical reports

Multi-rater ICC / score
difference

Single-measure ICC = .77; average-
measure ICC =.91; Al mean 3.51
points lower than expert mean

Campbell et al.
(2025)

Clerkship OSCE notes

Spearman / item
agreement

p = .82; item-level agreement
83.2%

Liu et al. (2025)

History-taking
assessment

ICC / item consistency

ICCs > .923; item consistency >95%

Tekin et al. (2025)

Four OSCE skills

Score difference /
Bland-Altman

Al generally scored higher; largest
difference for knot tying

Yokose et al. (2025b)

Medical-interview
OSCE

ICC / paired scores

Poor agreement; history-taking ICC
=.36

Mitsuhashi et al.

Paramedic non-

Weighted Gwet AC2

Approximately -.15 to .30 across

communication

(2025) technical skills domains
Hassanein et al. Dental clinical Icc DeepSeek-3 = .87; ChatGPT-4 = .64;
(2026) responses human-human = .84
Nursi thi
Chen (2026) ursing empathic Icc Al-educator ICC = .81
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Note. Findings were included in this table for illustrative presentation to represént the range-of assessment contexts
and measurement properties reported across the included studies, including agreement, association, reliability;
score differences, and classification-related performance, as well as examples of both stronger and weaker Al—
human correspondence. The table is not intended to provide an exhaustive listing of all study-level outcomes; full
study characteristics and eligible outcome types are reported in Supplementary Table S1.

Systematic differences in absolute scoring were observed despite favorable association or reliability statistics.
Luordo et al. (2025) reported a mean GPT-4 score 3.51 points below expert graders, whereas Tekin et al. (2025),
Yokose et al. (2025b), and Mitsuhashi et al. (2025) identified Al leniency in several contexts. A pooled mean
difference was not calculated because scoring scales, constructs, ranges, and units were not equivalent.

3.4 Meta-analysis of Al-Human Spearman Score Association

Two independent studies reported overall Spearman correlations suitable for an exploratory quantitative synthesis,
although the assessment constructs differed substantially. Igaki et al. (2023) reported p = 0.81 in 60 independent
validation videos of laparoscopic performance, and Campbell et al. (2025) reported p = 0.82 across 684 medical
students' post-encounter notes. Random-effects pooling yielded a summary Spearman association of p = 0.82 (95%
Cl, 0.55-0.93). The two correlations were numerically similar (12=0%; Q (1) = 0.04, p = .85; t> = 0), but between-study
heterogeneity could not be estimated reliably because only two studies were available. These heterogeneity
estimates should be interpreted cautiously because the synthesis contained only two studies. The analysis quantifies
score association rather than absolute agreement. Accordingly, the pooled estimate should be interpreted as an
exploratory cross-context summary of score association rather than as evidence of a common underlying effect
across clinically equivalent assessment tasks.

Table 3. Random-effects meta-analysis of Al-human Spearman score association.

Study Assessment n Spearman p

Igaki et al. (2023) Laparoscopic surgical-skill assessment 60 0.81

Campbell et al. (2025) Clerkship OSCE post-encounter notes 684 | 0.82

Random-effects pooled estimate 2 studies - 0.82 (95% Cl, 0.55-0.93)

Figure 2. Forest plot of Spearman correlations between Al-generated and human-reference scores.
Al-Human Score Association

Igaki et al. (2023} 4 ' o 0.81 (0.68.0.89}
Campbel et al. {2025} 4 ° D.82 {0.79.0.8%)
Random-effects pooled — T e |0.82{0.95-0.93)

0.0 02 04 2.6 0.8 1.0
Spearman correlation (p)
Random-effects REMLU modsfied Hartung-Knapp 95% CE F = 0%: Q1) = 004 p=085: v' =0

3.5 Reliability, Validity, Classification, and Human-Human Benchmarking

Evidence on repeated-run reliability was limited but encouraging in selected studies. Liu et al. (2025) reported total-
score coefficients of variation of approximately 0.87%-1.12%, ICCs above 0.923, and item-level consistency above
95% across repeated history-taking evaluations. Rajan et al. (2026) reported grading-precision ICC = 0.993 across
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1,450 clinical-reasoning responses, although equivalence with faculty scoring varied by- cognitive category and
difficulty. Quah et al. (2024) reported high combined human/automated rellablhty but different Al-human
correlations and absolute score similarity across two questions.

Validity evidence was strongest when the target competence was clearly defined and represented in the Al input.
Cianciolo et al. (2021), Johnsson et al. (2024), and Kasa et al. (2022a) reported evidence supporting relationships
with expert assessment or expected differences in competence, whereas more complex communication, non-
technical, and context-dependent domains were less consistently represented. Classification findings were likewise
heterogeneous: some studies reported high accuracy for structured tasks, but decision-level disagreement remained
possible even when continuous-score agreement was favorable. Human-human benchmarks also varied,
emphasizing that individual human ratings are not error-free; in several studies, Al-human performance approached
human-human reliability, whereas in others it remained clearly weaker.

3.6 Sources of Heterogeneity and Overall Synthesis

Variation in Al-human measurement performance appeared related to the Al model or architecture, competence
domain, information available to each assessor, scoring structure, decision threshold, task difficulty, and quality of
the human reference assessment. Within-study comparisons showed that different models could produce materially
different results on the same performances. In the grouped narrative synthesis, structured written, rubric-based,
and procedural tasks tended to show the most convincing correspondence, whereas communication, non-technical
skills, contextual judgment, and domains requiring nonverbal or visual information were more variable. These cross-
study patterns were descriptive and were not derived from formal subgroup or moderator analyses. Studies in which
humans received richer information than Al were difficult to interpret as pure comparisons of assessor quality,
because disagreement in such settings may reflect construct underrepresentation in the Al input rather than solely
poorer Al judgment.

The pooled Spearman analysis included only two studies and did not support meaningful meta-regression or formal
publication-bias testing. Across the full evidence base, strong association or reliability did not necessarily imply
absence of score bias or safe classification at consequential thresholds. Overall, the available measurement evidence
is most compatible with human-supervised supplementary, formative, second-rater, or quality-assurance
applications rather than autonomous replacement of trained human examiners in high-stakes clinical competence
assessment.

4. Discussion

4.1 Principal Findings and Interpretation

This review found promising but highly context-dependent correspondence between Al-based assessments of
clinical competence and human examiner judgments. The exploratory pooled Spearman association from two
studies reporting the same association metric but evaluating substantially different clinical assessment contexts was
strong (p = 0.82), although the small number of studies substantially limits the precision and generalizability of the
quantitative synthesis. Although the two correlations were numerically similar and I was 0%, heterogeneity cannot
be estimated reliably from only two studies. The quantitative result therefore suggests that Al can preserve the
ordering of performance observed by human assessors in selected contexts but should not be interpreted as a
universal estimate of Al assessment performance.

The distinction between association and agreement is central. Two assessors may rank candidates similarly while
one is consistently more lenient or severe; a high correlation can therefore coexist with materially different absolute
scores and different progression, remediation, honors, or pass/fail decisions (Bland & Altman, 1986). This pattern
was evident across the included studies: favorable ICCs or correlations sometimes accompanied systematic score
differences or broad individual-level limits of agreement. For high-stakes applications, appropriately specified
agreement statistics, paired-difference analyses, Bland-Altman methods, and decision-level error are more
informative than correlation alone (Koo & Li, 2016).
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4.2 Why Al Assessment Performance Varies

Al systems should not be treated as a homogeneous class of assessor. Within the same task, dlfferent modelsand
configurations sometimes produced substantially different results; Hassanein et al. (2026), for example, reported
stronger agreement for DeepSeek-3 than ChatGPT-4 using the same responses and rubric. Validation evidence for
one architecture or model version therefore cannot automatically be transferred to another.

Methodological considerations also differed by Al technology type. Conventional automated-scoring and classical
machine-learning systems were mainly limited by development-dataset dependence and external generalizability.
Computer-vision and deep-learning systems additionally depended on task definition and recording conditions. LLM
and generative-Al systems introduced concerns about model-version dependence, prompt sensitivity, stochastic
outputs, and model updates, while multimodal systems added complexity related to modality integration and Al-
human information equivalence.

The nature of the competence and the information available to the assessor were equally important. Procedural
tasks, structured written responses, checklist-based assessments, and explicit information-gathering behaviors
provide bounded targets for automated evaluation. Communication quality, non-technical performance, contextual
reasoning, and holistic judgment may depend on tone, timing, gestures, physical technique, and other information
that is not fully represented in text or limited inputs. When human examiners view a complete performance while
Al receives only a transcript or note, disagreement may reflect construct underrepresentation in the Al input as well
as differences in judgment. Accordingly, Al-human agreement is most interpretable when both assessors have
access to materially comparable representations of the performance being judged.

Scoring structure and decision thresholds also affected apparent performance. Binary classifications can show higher
apparent concordance than multi-category ratings, and strong continuous-score agreement may still permit
disagreement around pass/fail or other consequential boundaries. Validation should therefore be tied to the
intended use of the score rather than to an arbitrary coefficient threshold.

4.3 Human Examiners as the Reference Standard

Human assessment should be treated as a reference rather than an error-free gold standard. Assessor cognition
research shows that rater variation may reflect both unwanted error and legitimate expert interpretation (Gingerich
et al., 2014; Prentice et al., 2020). Human-human benchmarking was therefore an important feature of this review.
Some Al systems approached human inter-rater performance in structured contexts, but human reference quality
varied across studies: a single uncalibrated assessor provides a weaker criterion than multiple trained raters or
expert consensus. Future validation studies should report rater expertise, training, blinding, aggregation procedures,
and human-human reliability.

4.4 Implications for Clinical Competence Assessment

The available measurement evidence is most compatible with human-supervised formative, supplementary, second-
rater, or quality-assurance applications. These applications may offer opportunities to reduce scoring burden and
increase feedback capacity, although evidence for actual workload reduction and educational outcomes remains
limited. The evidence is not yet sufficient to support autonomous Al use across high-stakes progression, certification,
or licensure decisions. Before such implementation, systems require prospective external validation, explicit
evaluation of absolute agreement and decision-level error, repeated-run reliability testing, robust multi-rater human
reference standards, transparent model and prompt reporting, and evidence of acceptable performance across
relevant populations and settings.

4.5 Strengths, Limitations, and Research Priorities

This review focused specifically on Al used to assess human clinical competence and excluded the conceptually
different literature in which Al systems themselves answer medical examination questions. It also separated
association, agreement, score bias, reproducibility, validity, classification performance, and human-human reliability
rather than treating them as interchangeable forms of accuracy. Incompatible ICC formulations, classification
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metrics, and score differences were not pooled simply to increase sample size, and overlapplng publications were
explicitly linked so that 29 reports represented 27 independent cohorts. —

Several limitations remain. The exploratory meta-analysis included only two independent studies; consequently, the
pooled estimate and heterogeneity statistics should be interpreted cautiously and cannot provide a stable estimate
across clinical-assessment settings. Most other outcomes required structured narrative synthesis because
measurement definitions, scales, constructs, and designs differed. The review was not prospectively registered. The
evidence base is also rapidly evolving, and performance reported for commercial Al models may change after model
updates. Generalizability is also limited because 22 of 27 studies were conducted in medicine and 17 involved
student-only populations, leaving comparatively limited evidence from other health professions and practicing
clinicians. Methodological appraisal was limited by incomplete reporting of model configuration, reference-rater
procedures, development-evaluation separation, and repeated-run methods. Human-human benchmarking was
available inconsistently. Search-reporting reproducibility was additionally limited because database-specific retrieval
counts and exact search dates were not retained.

Future studies should prioritize prospective external validation with the Al system, prompt, rubric, and decision
thresholds fixed before evaluation. Repeated-run reliability and model-version reporting are particularly important
for generative Al. Statistical methods should match the intended claim: correlation for association, appropriate ICC
or agreement measures for interchangeability, and paired-difference or Bland-Altman analysis where individual
disagreement matters. Validation should extend beyond agreement to known-groups evidence, generalizability,
consequences, fairness across candidate groups, and clinically meaningful decision-level error. Acceptable
measurement error should be defined in relation to intended use, because an error that is tolerable in formative
feedback may be unacceptable at a licensing boundary.

Conclusion

Artificial intelligence-based assessment of clinical competence demonstrated promising but highly context-
dependent correspondence with human examiner judgment. The exploratory meta-analysis of two studies reporting
the same association metric but evaluating different clinical assessment contexts showed a strong positive
association between Al-generated and human-reference scores (pooled Spearman p = 0.82; 95% Cl, 0.55-0.93).
However, the very small number of pooled studies limits generalizability, and the result should not be interpreted
as evidence of universal interchangeability. Evidence outside medicine and among practicing clinicians remains
limited. Stronger performance was most consistently observed in structured, rubric-based, written, and procedural
assessment tasks, whereas communication, non-technical skills, contextual judgment, and other complex domains
were more variable. Favorable correlations or reliability estimates could coexist with systematic differences in
absolute scores or disagreement near consequential decision thresholds. The available measurement evidence is
therefore most compatible with human-supervised formative, supplementary, second-rater, or quality-assurance
applications. Evidence remains limited regarding educational outcomes, patient safety, workload reduction, fairness,
and downstream consequences. Autonomous use for high-stakes progression, certification, or licensure decisions
requires stronger external validation, reproducibility, human-reference standards, and decision-level safety
evidence.

Supplementary material: Full study-level characteristics, detailed methodological appraisal, and database-specific
search strategies are provided separately as Supplementary Tables S1-S2, Supplementary Figure S1, and

Supplementary Appendix S1.

Supplementary Table S1. Characteristics of the 27 independent studies included in the systematic review
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Note. Abbreviations: Al, artificial intelligence; CNN, convolutional neural network; GEARS, Global Evaluative
Assessment of Robotic Skills; GRS, Global Rating Scale; ICC, intraclass correlation coefficient; LLM, large language
model; MAE, mean absolute error; ML, machine learning; NLP, natural language processing; OSATS, Objective
Structured Assessment of Technical Skill; OSCE, objective structured clinical examination; PLACE, Pelvic
Lymphadenectomy Appropriateness and Completion Evaluation; ROI, return on investment.

Note. Each row represents one independent underlying participant or performance cohort. The evidence synthesis
comprised 27 independent cohorts represented by 29 reports included in the review. Publication histories and
potential companion publications were rechecked. Where preprint, peer-reviewed, or other reports represented
the same underlying cohort, they were linked, the peer-reviewed publication was used as the primary source where
available, and duplicate participant data or effect estimates were not counted more than once.

Supplementary Table S2. Study-level methodological appraisal of the 27 independent studies
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Note. NR indicates that blinding or assessor independence was not reported clearly enough in the available study
description to support a definite judgment. 'Information equivalence' refers to whether Al and human assessors had
access to materially comparable representations of the same performance; partial equivalence indicates differences
in input modality or available cues. The table presents domain-specific methodological characteristics rather than a

universal numerical quality score.

Domain-level judgments were categorized as favorable when the available

evidence supported the domain without an identified material limitation; some concern/limitation when the domain
was partially addressed or an identifiable limitation affected interpretation; and unclear/not reported when
available reporting was insufficient for a definite judgment. These judgments were review-specific and domain-
based and did not constitute a standard COSMIN or QUADAS-2 rating or an overall numerical quality score.

Supplementary Figure S1. Study-level methodological appraisal across the review-defined domains
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Ratings summarize the review-defined appraisal domains for the 27 independent studies.
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Kim et al, |202%)

RAajan et al. (2026)

Hassanein et al. {2020}

Chen {2020)

s Favaorable s Some concarmn { limitation e Unclear | not reparted

Note: Ratings are daomain specific and ¢a nat represent an averall numerical guality score,

Supplementary Appendix S1. Electronic Search Strategies

Search strategies are reported below as numbered concept sets. The database field searched is stated in a separate
column, so no bracketed field labels are used. The asterisk (*) is a literal truncation/wildcard operator used to
retrieve word variants; it is not a placeholder. The original database-interface query histories were not retained;
accordingly, the strategies below reproduce the documented search concepts, field specifications, and Boolean
combinations rather than verbatim archived executable query logs.

The searches combined three core concepts: (1) artificial intelligence, (2) clinical competence or clinical
performance, and (3) assessment or scoring. Controlled vocabulary was combined with free-text terms where the
database supported controlled indexing. No language restriction was applied during searching.

MEDLINE via PubMed

Language restrictions: None

Set .Searc!\ field / Search terms or combination
indexing
1 MeSH Terms Ar‘uﬁua! Intelligence OR Machine Learning OR Deep Learning OR Natural Language
Processing
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2 Title/Abstract

"artificial intelligence" OR "machine learning" OR "deep learning" OR “neural network*"
OR "natural language processing” OR "large language model*"-OR LLM OR LLMs OR
ChatGPT OR GPT-4 OR GPT-40 OR "generative Al" OR "generatlve artlﬁual intelligence"
OR "computer vision" OR "multimodal Al"

3 MeSH Terms

Clinical Competence

4 Title/Abstract

"clinical competence" OR "clinical performance" OR "clinical skill*" OR "procedural skill*"
OR "technical skill*" OR "clinical reasoning" OR "diagnostic reasoning" OR "history taking"
OR communication OR OSCE OR "objective structured clinical examination*" OR
simulation OR "standardized patient*" OR "standardised patient*" OR "virtual patient*"
OR "workplace-based assessment*" OR "clinical note*" OR "patient note*"

5 Title/Abstract

assess* OR scor* OR grad* OR rating OR ratings OR rater* OR evaluat* OR classific* OR

agreement OR reliability OR validity OR concordance

6 | Boolean | q i1 OR Set2) AND (Set 3 OR Set 4) AND Set 5
combination
Embase
Language restrictions: None
Set | Search field / indexing Search terms or combination
1 Emtree headings; artificial intelligence OR machine learning OR deep learning OR natural
exploded language processing
"artificial intelligence" OR "machine learning" OR "deep learning" OR "neural
. network*" OR "natural language processing" OR "large language model*" OR
2| Title/Abstract/Keywords | | ' \/'52 || Ms OR ChatGPT OR GPT-4 OR GPT-40 OR "generative Al" OR
"generative artificial intelligence" OR "computer vision" OR "multimodal Al"
Emtree heading; .
3 clinical competence
exploded
"clinical competence" OR "clinical performance" OR "clinical skill*" OR
"procedural skill*" OR "technical skill*" OR "clinical reasoning" OR "diagnostic
. reasoning" OR "history taking" OR communication OR OSCE OR "objective
4 Title/Abstract/Keywords structured clinical examination*" OR simulation OR "standardized patient*" OR
"standardised patient*" OR "virtual patient*" OR "workplace-based
assessment*" OR "clinical note*" OR "patient note*"
] assess® OR scor* OR grad* OR rating OR ratings OR rater* OR evaluat* OR
> Title/Abstract/Keywords classific* OR agreement OR reliability OR validity OR concordance
6 Boolean combination (Set 1 OR Set 2) AND (Set 3 OR Set 4) AND Set 5
Scopus
Language restrictions: None
Set | Search field / indexing Search terms or combination
"artificial intelligence" OR "machine learning" OR "deep learning" OR "neural
1 Title/Abstract/Keywords network*" OR "natural language processing" OR "large language model*" OR
(TITLE-ABS-KEY) LLM OR LLMs OR ChatGPT OR GPT-4 OR GPT-40 OR "generative Al" OR
"generative artificial intelligence" OR "computer vision" OR "multimodal Al"
"clinical competence" OR "clinical performance" OR "clinical skill*" OR
"procedural skill*" OR "technical skill*" OR "clinical reasoning" OR
) Title/Abstract/Keywords "diagnostic reasoning" OR "history taking" OR communication OR OSCE OR
(TITLE-ABS-KEY) "objective structured clinical examination*" OR simulation OR "standardized
patient*" OR "standardised patient*" OR "virtual patient*" OR "workplace-
based assessment*" OR "clinical note*" OR "patient note*"
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3

Title/Abstract/Keywords
(TITLE-ABS-KEY)

assess* OR scor* OR grad* OR rating OR ratings OR rater* OR evaluat* OR
classific* OR agreement OR reliability OR validity OR concordance —

4

Boolean combination

Set 1 AND Set 2 AND Set 3

Web of Science Core Collection
Language restrictions: None

Set

Search field /
indexing

Search terms or combination

Topic field (TS)

"artificial intelligence" OR "machine learning" OR "deep learning" OR "neural network*"
OR "natural language processing" OR "large language model*" OR LLM OR LLMs OR
ChatGPT OR GPT-4 OR GPT-40 OR "generative Al" OR "generative artificial intelligence"
OR "computer vision" OR "multimodal Al"

Topic field (TS)

"clinical competence" OR "clinical performance" OR "clinical skill*" OR "procedural skill*"
OR "technical skill*" OR "clinical reasoning" OR "diagnostic reasoning" OR "history
taking" OR communication OR OSCE OR "objective structured clinical examination*" OR
simulation OR "standardized patient*" OR "standardised patient*" OR "virtual patient*"
OR "workplace-based assessment*" OR "clinical note*" OR "patient note*"

Topic field (TS)

assess* OR scor* OR grad* OR rating OR ratings OR rater* OR evaluat* OR classific* OR
agreement OR reliability OR validity OR concordance

Boolean
combination

Set 1 AND Set 2 AND Set 3

ERIC

Language restrictions: None

Set | Search field / indexing Search terms or combination
"artificial intelligence" OR "machine learning" OR "deep learning" OR "neural
1 Indexed network*" OR "natural language processing" OR "large language model*" OR
title/abstract/descriptors LLM OR LLMs OR ChatGPT OR GPT-4 OR GPT-40 OR "generative Al" OR
"generative artificial intelligence" OR "computer vision" OR "multimodal Al"
"clinical competence" OR "clinical performance" OR "clinical skill*" OR
"procedural skill*" OR "technical skill*" OR "clinical reasoning" OR "diagnostic
5 Indexed reasoning" OR "history taking" OR communication OR OSCE OR "objective
title/abstract/descriptors structured clinical examination*" OR simulation OR "standardized patient*"
OR "standardised patient*" OR "virtual patient*" OR "workplace-based
assessment*" OR "clinical note*" OR "patient note*"
3 Indexed assess* OR scor* OR grad* OR rating OR ratings OR rater* OR evaluat* OR
title/abstract/descriptors | classific* OR agreement OR reliability OR validity OR concordance
4 Boolean combination Set 1 AND Set 2 AND Set 3
IEEE Xplore
Language restrictions: None
Set ‘Searcl.'\ field / Search terms or combination
indexing
"artificial intelligence" OR "machine learning" OR "deep learning" OR "neural network"
1 All Metadata OR "natural language processing" OR "large language model" OR ChatGPT OR
"generative Al" OR "computer vision"
"clinical competence" OR "clinical performance" OR "clinical skill" OR "procedural skill"
2 All Metadata OR "technical skill" OR "clinical reasoning" OR "history taking" OR OSCE OR "objective
structured clinical examination" OR simulation
3 All Metadata assessment OR scsnrirlg OR grad.in.g OR rating OR evaluation OR classification OR
agreement OR reliability OR validity
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Boolean

Set 1 AND Set 2 AND Set 3

combination

Supplementary Searching
Electronic database searching was supplemented by the following approaches:

Backward reference-list screening of included studies and relevant systematic or scoping reviews.

Forward citation searching of included studies.

Targeted searches of relevant preprint repositories.

Targeted searches for recent publications that might not yet have been fully indexed in bibliographic databases.
Examination of publication histories to identify earlier preprints, subsequent peer-reviewed publications, and
potentially overlapping datasets.

Potentially overlapping reports were compared according to authorship, institution, participant characteristics,
recruitment period, sample size, assessment task, Al system, and reported outcomes. Reports representing the same
underlying cohort were linked to avoid duplicate counting.
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