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ABSTRACT:

Background: Generative artificial intelligence (GenAl), including large language models (LLMs),
is increasingly used in medical education assessment as item writers, rubric-based scorers of
constructed responses, and draft generators for narrative feedback. In high-stakes settings (e.g.,
OSCE pass/fail and programmatic workplace-based assessment [WBA]), GenAl functions as a
measurement intervention and therefore requires defensible evidence for validity, fairness,
reliability, and governance. [1,2,11]

Methods: We conducted a PRISMA-ScR-aligned scoping review (2020-present) across major
medical education and health databases to map empirical and review evidence on GenAl in
assessment, prioritizing OSCE/WBA and high-stakes contexts. Evidence was charted using
Kane’s argument-based validity framework (scoring, generalization, extrapolation, implications),
alongside themes related to bias/fairness, reliability, and governance. [9-11]

Results: Evidence is heterogeneous and concentrated in written assessment (short answers,
clinical notes, and post-OSCE documentation) and in automated analysis of narrative WBA
feedback. LLM grading can be efficient, but studies show variable agreement with expert human
ratings and potential shifts in grade distributions. In early OSCE-related studies, agreement
between GenAl outputs and clinician judgments is inconsistent, highlighting threats to the scoring
inference and the need for response-process evidence, rater calibration, and drift monitoring.
[3,6,16-21]

Conclusion: For clinical skills and high-stakes decisions, GenAl use should be bounded and
treated as a regulated assessment intervention. Institutions should require a complete validity
argument, explicit fairness audits, program-level reliability evidence, and governance controls
(versioning, audit trails, appeals, and change management). We propose a practical DEFEND-
VFRG toolkit (Validity, Fairness, Reliability, Governance) for implementation and reporting. [11-
15,25]

Introduction

Generative Al

linguistic features, and instability across model updates.
These properties can threaten standardization and
fairness, particularly in clinical skills assessment where

rapidly reshaping assessment

ecosystems in health professions education. Learners
use LLMs to draft text and explanations, while
educators and institutions are experimenting with LLMs
for item generation, rubric-guided scoring, and narrative
feedback drafting. Because these tools can alter score
meaning and downstream decisions, especially in OSCE
and WBA, their use should be justified with the same
rigor applied to any major change in assessment design.
[1,2,11]

LLMs can introduce construct-irrelevant variance

through prompt sensitivity, reliance on surface
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multiple sources of error already exist across cases,
raters, and Program-level reliability
approaches (e.g., generalizability theory) and explicit
validity arguments are therefore central when GenAl is
introduced into OSCE/WBA workflows. [8,11]

occasions.

This review maps the available 2020-present evidence
and highlights what remains missing for defensible use
in high-stakes OSCE/WBA. We address four questions:
(1) what validity evidence is reported; (2) how
bias/fairness is evaluated; (3) what reliability evidence
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supports decisions; and (4) what governance safeguards
are described.

Methods

We followed PRISMA-ScR guidance for scoping
reviews, drawing on PRISMA 2020 reporting principles
where applicable. [9,10] We included peer-reviewed
empirical studies and evidence syntheses published
from 2020 onward that examined GenAI/LLM use in
assessment workflows (scoring, grading, feedback
generation, OSCE/WBA support, and integrity-related
applications) in medical education or closely
transferable health professions education.

For each included source, we extracted the assessment
context, the role of Al, and the study design. Findings
were mapped to Kane’s validity inferences: scoring
(alignment with rubrics and the scoring process),
generalization (stability across tasks, prompts, cases,
cohorts, and model versions), extrapolation
(relationship to clinical competence and external
criteria), and implications (consequences, decision
accuracy, and fairness). [11] We also charted reported
fairness methods, reliability approaches (agreement and
multi-facet  designs), and governance controls
(documentation, privacy/security, auditability, and
change management).

Results
Evidence map

Most published work examines (a) LLM scoring of
written outputs (short answers, clinical notes,

documentation after simulations/OSCE stations) and (b)
automated analysis of narrative WBA feedback. Direct
GenAl scoring of observed OSCE performance is less
developed and is typically exploratory. [3,4,6,16-19]

Validity evidence mapped to Kane’s inferences

Scoring evidence is most common and is usually
operationalized as agreement or correlation with
clinician raters. However, agreement alone is
insufficient for high-stakes use; response-process
evidence is needed to show how the model applies
rubrics, where it fails, and how human oversight
corrects errors. Generalization evidence should
demonstrate stability across prompts, cases, cohorts,
and model versions. [11,16-19,21]

In written tasks such as short answers and post-OSCE
documentation, LLM and physician scores can differ in
ways that would change classifications and feedback.
[16-19] Experimental OSCE-related evaluation studies
also report limited agreement, reinforcing that coherent
text outputs are not a proxy for a defensible scoring
process when observed behaviors and station context
are central to the construct. [6,21]

Bias and fairness

Fairness risks are frequently discussed but less often
evaluated with explicit subgroup analyses, sensitivity
testing, or mitigation plans. A pragmatic approach is to
pre-specify key fairness threats and test them locally
before any summative use.

Fairness threat

How it may appear

Evaluation / mitigation

Language variety / register

Lower scores for non-native or
culturally different phrasing.

Subgroup analyses; rater-blind
comparisons; standard prompts;
bilingual checks where relevant;

accommodations.
Prompt sensitivity Different prompts yield different | Locked  prompt  templates;
grades for the same response. robustness testing; report

variance across perturbations;
guardrails.

Domain shift (site / case mix)

A model tuned on one context
performs poorly elsewhere.

External validation across sites;
local recalibration; retrieval
augmentation using local
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Reliability as a program-level property

Reliability in OSCE/WBA is multifaceted (learners,
and occasions).
between an LLM and a single human rater is not

cases/stations,

rubrics.

Construct-irrelevant variance

Scores track writing
fluency/verbosity rather than

clinical reasoning.

Feature audits; rubric redesign;
separate writing vs reasoning
constructs;  targeted  human
review.

Access inequity

Unequal access to permitted
tools affects preparation and
performance.

Clear access policies; disclosure

requirements; equitable
alternatives;  equity  impact
review.

Table 1. Common fairness threats and pragmatic evaluation/mitigation strategies for local validation.

raters,

sufficient for high-stakes decisions. Where GenAl is
used, reliability should be evaluated at the program
level using multi-facet designs and decision studies.

Agreement
[7.8]

Approach Use case Key notes

Human-AI  agreement (e.g., | LLM scoring vs human scoring | Report confidence intervals; test

weighted kappa, ICC) in written tasks. for  systematic  bias;  set
acceptable error bounds; include
subgroup checks.

Generalizability  theory (G- | OSCE/WBA  with  multiple | Estimate variance components;

theory) facets. run decision studies to plan

stations/raters and evaluate any
Al impact. [8]

Many-facet Rasch / IRT (where

Model rater severity and task

Useful for rater effects; requires

appropriate) difficulty when design supports | adequate data and careful
it. assumptions.
Test-retest and drift monitoring | Model updates or prompt | Use anchor sets; pre-specify

changes over time.

triggers for re-validation;
maintain versioned prompts and
model metadata.

Reliability of feedback-quality
metrics (e.g., QuAL)

Scaling evaluation of narrative
feedback quality.

Some metrics have reliability
evidence; downstream
summative uses still require a

full validity argument. [7]

Table 2. Reliability approaches that can support defensible decisions depending on assessment design.

Governance reporting gaps

Empirical reports often omit implementation-critical
details such as model/versioning, prompt templates,
data governance, audit logs, and appeal pathways.

because they enable reproducibility, accountability, and
learner protection. Broader health-sector guidance
emphasizes accountability, human
oversight, and post-deployment monitoring, which are

transparency,

These controls are essential in high-stakes settings
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directly applicable to assessment programs using Al.
[25]

Discussion

Across the 2020-present literature, the strongest
evidence supports GenAl as an assistive tool for written
assessment and feedback workflows when used with
explicit human oversight. Evidence for direct
OSCE/WBA scoring remains limited and does not
currently justify GenAl as a sole or primary rater for
high-stakes clinical skills decisions. [1,6,16-21]

Kane’s framework clarifies recurring gaps: many
studies report scoring agreement but provide limited
evidence for generalization (across prompts, cases, and
model versions), extrapolation (links to real clinical
performance), and implications (classification accuracy,
subgroup  impact, appeals, and  unintended
consequences). [11] A defensible local validation plan
should pre-specify acceptance criteria, archive prompts

and rubrics, document model versions, and monitor drift
over time using anchor sets and re-validation triggers.
[14,15]

Academic integrity and consequential validity

Because learners can use GenAl to draft responses,
assessment programs must define permissible use,
disclosure expectations, and consequences. Detection
tools have documented limitations and can generate
consequential false positives, so redesigning assessment
toward observation-based tasks, oral justification, and
triangulation across measures is often more defensible
than relying on automated detection alone. [22-24]

Operational toolkit: DEFEND-VFRG

We summarize minimum defensibility requirements in
four pillars-Validity, Fairness, Reliability, and
Governance (VFRG)-scaled to assessment stakes and
aligned with emerging professional guidance for
responsible Al integration. [12-15]

Stakes Permitted Al role

Minimum evidence / controls

Low (formative feedback)

Draft feedback; suggestion tool | Local calibration; basic fairness
with human editing.

check;  disclosure;  privacy
safeguards; logging of use.

Moderate (course grading) Second-reader

scoring  with | Defined
human adjudication.

acceptable error;
subgroup checks; locked
prompts; versioning; audit trail;
appeals; periodic re-validation.

High (OSCE/WBA high-stakes)

Assistive only; no autonomous | Full validity argument (Kane);
pass/fail decisions.

program-level reliability design;
fairness audits; drift monitoring
with anchors; governance board;
change management; learner
protections.

Table 3. Practical evidence thresholds for GenAl use by assessment stakes (VFRG).

High-stakes OSCE/WBA checklist

e State intended use, decision consequences, and
what the AI will and will not do (assistive vs
decisional).

e Lock and version prompts/rubrics; document model
family, version/date, and settings.
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e Collect response-process evidence (human review
of Al failure modes; rater calibration; rubric
adherence checks).

e Demonstrate generalization across stations/cases,
cohorts, and repeated runs; re-test after updates
using anchor sets.

e Evaluate fairness with subgroup analyses and a
mitigation plan; document equity impact.


http://www.jchr.org/

Journal of Chemical Health Risks

www.jchr.org

JCHR (2025) 15(6), 3055-3060 | ISSN:2251-6727

e Establish program-level reliability evidence
(variance components / decision studies where
relevant).

e Maintain auditability (immutable logs of
prompts/inputs/outputs and human overrides).

e Ensure transparency and learner protections
(appropriate  explainability, appeal pathway,
remediation).

e Implement data governance (de-identification,
retention  limits, security review, vendor
accountability).

e Define change-management triggers and incident
response (re-validation thresholds, rollback plan).

Limitations

The evidence base is evolving quickly as models,
products, and institutional policies change. Studies
differ in tasks, rubrics, reporting detail, and access to
prompts/model settings, limiting comparability and
preventing quantitative synthesis. Many reports do not
include prompts, model versions, or leakage controls,
which constrains reproducibility.

Future research priorities

Priority work includes pre-registered validation studies
with explicit acceptance criteria, adequately powered
fairness audits, longitudinal drift evaluations, multi-
institutional benchmarks for clinical skills scoring, and
studies that examine downstream consequences
(classification consistency, appeals, learner trust, and
equity impacts).

Conclusion

GenAl is already influencing assessment directly
(scoring and feedback) and indirectly (learner use).
Current evidence supports bounded assistive roles,
particularly for written tasks and feedback analytics, but
is insufficient for autonomous high-stakes OSCE/WBA
scoring. A defensible pathway requires explicit validity
arguments, formal fairness audits, program-level
reliability designs, and transparent governance with
robust learner protections.
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