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S1 Models and conversational platforms reported in the included studies

Model use was strongly concentrated in the OpenAI ecosystem (Table S1). OpenAI models were reported in

86 articles, compared with Anthropic Claude in seven, DeepSeek in six, Meta Llama in five, and Google

Gemini in four. Zhipu GLM appeared in three articles, while Google Gemma, Alibaba Qwen, Baichuan,

and Baidu ERNIE each appeared in two. Microsoft Phi, Mistral, Naver HyperCLOVA, and xAI Grok were

each represented in one article. A further 12 articles used proprietary conversational platforms for which

the underlying foundation model was not consistently identifiable, and six described an LLM- or AI-based

system without reporting a specific model family. Family-level counts were non-mutually exclusive because

some articles evaluated or incorporated multiple models.

Considerable variation was also present within model families. The most frequently reported OpenAI

variants were GPT-4o in 27 articles, GPT-4 in 21, GPT-3.5 in 13, GPT-3.5 Turbo in 11, and GPT-4 Turbo in

six. Other studies used smaller, multimodal, real-time, reasoning, or newer-generation variants, including

GPT-4o mini, GPT-4 Vision, GPT Realtime, OpenAI o1 Pro, and GPT-5 variants. Claude 3.5 Sonnet was

the most frequently identified Anthropic model. DeepSeek use included R1, V2.5, V3, and unspecified

versions, while the open-weight or locally deployable model landscape included multiple Llama, Gemma,

Qwen, Baichuan, Phi, and Mistral variants. Most of these alternatives were represented by only one or two

articles, indicating that evidence for individual non-OpenAI models remained sparse.

The precision of model reporting varied substantially. Some articles reported an exact model snapshot,

parameter scale, or fine-tuned version, whereas others identified only a broad product or platform name,

such as ChatGPT, Claude Sonnet, Dialogflow, or LLM. This distinction is consequential because model

behavior may differ across versions, access routes, hosting environments, and subsequent provider updates.

Future studies should therefore report the provider, model family, exact variant or snapshot, access and

hosting configuration, any retrieval or fine-tuning procedures, and the model’s role within the system, such

as simulated patient, assessor, feedback generator, or benchmark. Table S1 preserves the specific variants

reported in the included corpus while consolidating obvious aliases of the same platform.
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Supplementary Table S1 | Model families, conversational platforms, and specific variants reported in
generative AI-powered simulated-patient studies.

Model family or platform Specific variant or reported
label

Unique
articles

Representative papers

OpenAI models All reported variants 86

GPT-4o 27 1–3

GPT-4 21 4–6

GPT-3.5 13 7–9

GPT-3.5 Turbo 11 10–12

ChatGPT, version not reported 7 13–15

GPT-4 Turbo 6 16–18

GPT-4o mini 5 19–21

GPT-5 2 22,23

OpenAI GPT, version not reported 2 24,25

Custom GPT or GPTs, base ver-

sion not reported

1 26

GPT Realtime 1 23

GPT Realtime Mini 1 23

GPT-4 (0613) 1 27

GPT-4 Vision 1 28

GPT-4o (2024-08-06) 1 29

GPT-4o (2024-11-20) 1 30

GPT-4o mini (2024-07-18) 1 30

GPT-5 Pro 1 31

GPT-5.2 1 32

OpenAI o1 Pro 1 31

Anthropic Claude All reported variants 7 Family-level total

Claude 3.5 Sonnet 4 33–35

Claude 3 Sonnet 2 35,36

Claude Sonnet, version not re-

ported

2 28,35

Claude 3 Haiku 1 35

Claude 3 Opus 1 36

Continued on the next page.
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Table S1 continued from the previous page.

Model family or platform Specific variant or reported
label

Unique
articles

Representative papers

Claude 3.7 Sonnet 1 37

Claude 4 Opus 1 35

Claude 4 Sonnet 1 35

DeepSeek All reported variants 6 Family-level total

DeepSeek, version not reported 2 38,39

DeepSeek R1 2 40,41

DeepSeek V2.5 1 42

DeepSeek V3 671B 1 35

Meta Llama All reported variants 5 Family-level total

Llama, version not reported 1 43

Llama 2, size not reported 1 43

Llama 2 7B Chat 1 44

Llama 3 70B 1 35

Llama 3.1 8B 1 45

TinyLlama 1.1B 1 46

Google Gemini All reported variants 4 Family-level total

Gemini, version not reported 1 47

Gemini 2.5 Flash 1 45

Gemini 2.5 Pro 1 34

Gemini 3 1 39

Google Gemma All reported variants 2 Family-level total

Gemma 3 1B 1 46

Gemma 3 27B 1 48

Gemma 3 27B, fine-tuned 1 48

Alibaba Qwen All reported variants 2 Family-level total

Qwen-Max (2025-04-09) 1 42

Qwen3 32B 1 35

Zhipu GLM All reported variants 3 Family-level total

ChatGLM, version not reported 2 43,49

Continued on the next page.
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Table S1 continued from the previous page.

Model family or platform Specific variant or reported
label

Unique
articles

Representative papers

GLM-4 1 50

Baichuan All reported variants 2 Family-level total

Baichuan, version not reported 1 43

Baichuan 13B Chat 1 51

Baidu ERNIE All reported variants 2 Family-level total

ERNIE 3.5-8K 1 52

ERNIE 4.0 1 53

Microsoft Phi All reported variants 1 Family-level total

Phi-3 Mini 3.8B 1 45

Mistral All reported variants 1 Family-level total

Mistral, version not reported 1 25

Naver HyperCLOVA All reported variants 1 Family-level total

HyperCLOVA X 1 54

xAI Grok All reported variants 1 Family-level total

Grok 3 1 36

Other proprietary conver-
sational platforms

All reported platforms 12 Group-level total

Google Dialogflow, version not

reported

4 55–57

Dialogflow CX 1 58

Character.AI 1 59

Convai 1 60

Danbee 1 61

IBM Watson Assistant 1 62

Microsoft Power Virtual Agents 1 63

NotebookLM 1 64

SimConverse 1 65

Unspecified LLM or AI
model

All incompletely specified systems 6 Group-level total

LLM, model not specified 3 66–68

Continued on the next page.
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Table S1 continued from the previous page.

Model family or platform Specific variant or reported
label

Unique
articles

Representative papers

AI-based virtual standardized-

patient system

1 69

LLMDP 1 51

AI-based medical interview-

assistance system

1 70
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S2 Technical-design archetypes and representative studies

This subsection provides the supporting framework used to interpret the technical-design taxonomy in the

main manuscript and to trace the taxonomy to its underlying evidence base.

Supplementary Fig. S1 | Taxonomy of technical design archetypes in generative AI-powered simulated patients. This
hierarchical diagram maps the structural components of modern simulated-patient systems across four primary functional planes:
Frontend Media & Interaction Modalities, Dialogue & System Control Architecture, Model Customization & Alignment, and
Bidirectional Human-in-the-Loop Mechanisms. Each overarching plane is subdivided into specific technical and pedagogical
archetypes, illustrating the diverse engineering strategies used to decouple system responsibilities. The leaf nodes link each
archetype to representative empirical studies, demonstrating their practical implementation in clinical education literature.
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Supplementary Table S2 | Technical and pedagogical archetypes displayed in the technical-design
taxonomy, including their purpose, typical implementation, and representative studies.

Architectural
plane

Technical archetype Purpose Typical implementation Representative studies
shown in the figure

Frontend media
and interaction
modalities

Web/mobile text-
based and voice-lite
patient

Provides accessible
and scalable platforms
for asynchronous or
semi-synchronous
history-taking and
communication
practice.

Learners interact through browser- or mobile-
based text chat, speech recognition, text-to-
speech, or lightweight combinations of these
modalities. Systems commonly use standard
web frontends with server-side dialogue gen-
eration. Brief textual descriptions may be
appended to convey simple non-verbal behav-
iors.

23,25,36,42,51,71,72.

3D avatar with
affective sensing

Visualizes patient per-
sonas through digital
humans that display
facial expressions,
non-verbal cues, and
emotional states.

A conversational model is connected to a
screen-based 3D avatar. Lip synchronization co-
ordinates speech with mouth movements, while
gaze, facial expression, posture, or sentiment-
adaptive layers represent pain, sadness, frustra-
tion, or other patient states. Some systems also
analyze learner facial or behavioral signals.

25,53,62,73–75.

Immersive vir-
tual/mixed reality

Recreates spatial
clinical environments
and supports interac-
tion with situational,
procedural, or time-
sensitive scenarios.

Clinical encounters are delivered through
virtual-reality headsets or mixed-reality envi-
ronments with spatial audio, hand or gesture
tracking, and perspective-dependent visual
cues. Some implementations align virtual in-
formation, wounds, or physiological changes
with physical mannequins to combine visual
immersion with tactile interaction.

10,41,47,76,77.

Physical social
robotics

Embodies the sim-
ulated patient in
a shared physical
environment and
supports the study of
gaze, presence, and
mechanical-social
behaviors.

A generative dialogue system is connected to
a physical social robot. Facial textures, speech,
gaze direction, head movements, and other
behaviors are coordinated to create a physically
present patient interaction. Onboard cameras or
tracking systems may support eye contact and
orientation toward the learner.

11,78,79.

Dialogue and
system-control
architectures

Prompt-engineered
single-model patient

Converts a general-
purpose language
model into a simu-
lated patient without
modifying its model
weights.

A single model receives instructions defining
the patient’s identity, history, symptoms, emo-
tional state, communication style, disclosure
rules, and knowledge boundaries. Implemen-
tations may include few-shot examples, con-
versation history, response-length constraints,
and instructions to remain in character. The
same model may also generate post-encounter
feedback.

9,16,26,30,80.

Continued on the next page.
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Table S2 continued from the previous page.

Architectural
plane

Technical archetype Purpose Typical implementation Representative studies
shown in the figure

Multimodal or
embodied patient

Supports training
that combines verbal
dialogue with visual,
non-verbal, spatial, or
physically embodied
communication.

The dialogue system is connected to speech
recognition, text-to-speech, avatars, facial-
expression models, virtual or augmented reality,
social robots, clinical images, video, or haptic
interfaces. Some systems coordinate speech
with gaze, gesture, personality, emotional
expression, or environmental changes.

11,23,28,38,77,78,81.

Rule/state-machine
plus generative
hybrid

Combines scripted
control and repro-
ducibility with
flexible generative
conversation.

Rules, branching logic, or explicit encounter
states govern case progression, information
disclosure, scoring, turn limits, stage transitions,
and termination. The model generates dialogue
only within the permitted state. Rule-based
modules may also identify required questions,
update the patient state, calculate checklist
scores, or redirect off-case responses.

23,30,47,62,75.

Multi-agent or mod-
ular orchestration

Separates dialogue,
memory, retrieval,
safety, assessment,
and interface func-
tions into specialized
components.

Role-specific agents or modules perform pa-
tient dialogue, planning, memory retrieval,
emotional-state generation, consistency check-
ing, moderation, assessment, feedback, speech
processing, or avatar animation. Components
may operate sequentially, share a transcript
or structured patient state, or be coordinated
through a supervisor, router, or fixed workflow.

23,28,35,75,82,83.

Patient plus auto-
mated assessor

Connects simulated-
patient practice with
scalable scoring, feed-
back, or debriefing.

The encounter transcript is evaluated by the
patient model, a separate assessor model, a rule-
based checklist, or a hybrid pipeline. Systems
may assess history taking, communication,
empathy, reasoning, diagnosis, management,
counseling, or safety-netting and return rubric
scores, missed questions, transcript-linked
examples, or narrative recommendations.

22,27,31,82,84,85.

Model
customization and
alignment

Structured case-
prompt system

Standardizes patient
content, behavior, and
information disclosure
across learners and
sessions.

A reusable patient-behavior prompt is com-
bined with a case-specific template or struc-
tured case record. Fields may include demo-
graphics, presenting complaint, medical and
psychosocial history, medications, examination
findings, emotional state, information to vol-
unteer or withhold, and encounter-completion
criteria.

16,23,28,47,80.

Continued on the next page.
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Table S2 continued from the previous page.

Architectural
plane

Technical archetype Purpose Typical implementation Representative studies
shown in the figure

Retrieval-augmented
patient

Grounds patient
responses in case-
specific or clinical
evidence to improve
factual and contextual
consistency.

Case records, standardized-patient scripts,
guidelines, textbooks, knowledge bases, elec-
tronic health records, or stored dialogue memo-
ries are divided into retrievable units. Relevant
content is identified through embedding-based,
lexical, vector-database, or knowledge-graph
retrieval and inserted into the model context
before response generation.

22,35,46,51,75,86.

Fine-tuned or
domain-adapted
model

Adapts patient behav-
ior, clinical language,
or specialty knowl-
edge to a defined
educational context.

General-purpose or smaller models are trained
using clinical conversations, specialty-specific
cases, counseling transcripts, assessment
examples, or locally authored instructional
data. Approaches include supervised instruction
tuning and parameter-efficient adaptation such
as LoRA, sometimes combined with structured
prompts or retrieval.

43,44,46,51,68.

Bidirectional
human-in-the-
loop mechanisms

Human-in-the-loop
development

Improves clinical
accuracy, educational
alignment, realism,
and safety before
learner deployment.

Clinicians, educators, standardized-patient
specialists, learners, and technical developers
contribute to objective setting, case authoring,
prompt design, content review, model selection,
prototyping, transcript review, usability testing,
and clinical validation. Review may identify
factual errors, inappropriate disclosure, role-
breaking, bias, unrealistic communication, or
assessment problems.

23,30,47,68,80.

Human-in-the-loop
delivery

Preserves educational
supervision, contex-
tual interpretation,
and opportunities
for correction during
curricular use.

Faculty may orient learners, facilitate sessions,
monitor interactions, review transcripts, provide
supplementary feedback, conduct structured
debriefing, or override inappropriate outputs.
Human involvement may occur synchronously
during the encounter or asynchronously through
post-session review.

23,30,34,43,80.
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S3 Evaluation measures and outcome-assessment approaches

This subsection establishes a common reference for interpreting the evaluation approaches used across the

evidence base and for comparing how outcomes were operationalized.

Supplementary Table S3 | Metrics and instruments used to evaluate generative AI-powered
simulated-patient systems.

Metric family Definition Common metrics or instruments Outcome domains Representative
studies

Knowledge and
diagnostic testing

These measures assess
whether learners identify
correct information, diag-
noses, classifications, or
clinical answers against a
predefined reference.

Theoretical examinations; multiple-
choice question scores; percentage
correct; diagnostic accuracy; agree-
ment with a predefined case diagno-
sis; specialty examination pass rate;
classification accuracy against expert
consensus.

Knowledge; diagnostic per-
formance; clinical reasoning;
OSCE or assessment perfor-
mance.

87,88

Structured clinical-
performance assess-
ment

These measures use human or
standardized-patient ratings,
checklists, or rubrics to assess
observable performance
during or after a simulated
encounter.

OSCE total and domain scores; Mini-
CEX; SEGUE total and domain scores;
Clinical Reasoning Indicator–History
Taking Inventory; history-taking check-
lists; communication rubrics; Em-
pathic Communication Performance
Rating Scale; case-specific clinical-
performance scores.

History taking; communi-
cation; empathy and profes-
sionalism; clinical reasoning;
management planning; coun-
seling; OSCE or assessment
performance.

9,26,38,51,89

Automated scoring
and transcript
analytics

These measures use a lan-
guage model, classifier,
rule-based system, or other
algorithm to score the en-
counter or derive features
from its transcript.

Automated medical history-taking as-
sessment scores; feedback-category
coverage; LLM-as-a-judge rubric scores;
proportions of open questions and re-
flections; accuracy and F1-score; cosine
similarity; checklist completeness;
speaking rate; turn-taking balance; ques-
tion proportions; sentiment and dialogue
trajectories.

History taking; communi-
cation; clinical reasoning;
diagnostic performance;
OSCE or assessment perfor-
mance; system fidelity and
response quality.

4,35,51,90

Learner-reported
educational out-
comes

These measures capture learn-
ers’ perceived competence,
preparedness, learning, con-
fidence, or attitudes rather
than directly observed perfor-
mance.

Five-, six-, or ten-point Likert ratings;
self-efficacy scales; Self-Efficacy in
Patient–Physician Communication
scale; Student Satisfaction and Self-
Confidence in Learning questionnaire;
Perceived Preparedness Inventory;
retrospective pre–post comparative
self-assessment.

Confidence and self-efficacy;
perceived learning; communi-
cation; knowledge; empathy;
satisfaction and acceptability.

16,28,38

Continued on the next page
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Table S3 continued
Metric family Definition Common metrics or instruments Outcome domains Representative

studies
Usability and tech-
nology acceptance

These measures assess ease
of use, learnability, interface
quality, perceived usefulness,
and willingness to adopt the
system.

System Usability Scale; Chatbot Us-
ability Questionnaire; User Experience
Questionnaire; Immersive Technology
Evaluation Measure; Technology Accep-
tance Model; adapted ease-of-use and
perceived-usefulness scales.

Usability; satisfaction and
acceptability; engagement
and adoption; system fidelity.

3,38,91

Qualitative experi-
ence evaluation

These methods examine how
learners, faculty members,
or other users interpret the
educational encounter and its
implementation.

Semi-structured interviews; focus
groups; open-ended reflections; the-
matic analysis; qualitative content
analysis; discourse analysis; facilitator
observation and narrative feedback.

Satisfaction and acceptability;
perceived learning; communi-
cation; confidence; usability;
system fidelity; safety and
implementation experience.

28,51,57

Behavioral engage-
ment and usage

These measures use interac-
tion records to quantify how
learners engaged with the
platform rather than how they
rated it.

Number of sessions; completed training
cycles; conversation duration; total
use time; message or dialogue turns;
questions asked; revisions; scenario
completion; content-completion rate;
frequency of practice.

Engagement and adoption;
history taking; perceived
learning; cost and scalability;
implementation.

4,28,87

System fidelity and
response quality

These measures assess
whether the simulated patient
produces clinically appro-
priate, coherent, relevant,
realistic, and role-consistent
responses.

Expert ratings of authenticity, correct-
ness, relevance, and script coverage;
response accuracy; completeness; F1-
score; semantic similarity; readability
indices; medical plausibility; hallucina-
tion or implausibility counts; robustness
across prompts; stability across per-
sonas.

System fidelity and response
quality; validity and reli-
ability; safety and quality
assurance.

3,4,35

Safety and psycho-
logical safety

These measures assess harm-
ful or inappropriate system
behavior and the learner’s
psychological response to the
encounter.

State-Trait Anxiety Inventory; Test
Anxiety Inventory; psychological-safety
items; embarrassment or anxiety ratings;
harmful-statement reports; refusal rate;
forbidden-information leakage; biased-
content reports; simulator sickness.

Safety and quality assurance;
satisfaction and acceptability;
learner experience.

16,20,23,33

Reliability and
validity

These measures assess agree-
ment, consistency, repro-
ducibility, or correspondence
between automated scores,
human ratings, repeated
assessments, or reference
standards.

Cohen’s kappa; intraclass correlation
coefficient; Pearson correlation; Cron-
bach’s alpha; agreement rate; item- and
scale-level content-validity indices;
model–human agreement; internal
consistency; repeated-score reliability.

Validity and reliability; his-
tory taking; communication;
OSCE or assessment perfor-
mance; system fidelity.

3,4,31,51

Continued on the next page

14



Table S3 continued
Metric family Definition Common metrics or instruments Outcome domains Representative

studies
Efficiency and
resource use

These measures quantify the
time, workload, financial cost,
or computational resources
required to deliver or evaluate
the intervention.

Response latency; automated and human
scoring time; faculty grading time;
session duration; token and API costs;
direct cost per learner; annual cost
savings; return on investment; post-class
review time.

Faculty workload; cost and
scalability; system perfor-
mance; implementation.

31,71,87

Retention and
transfer

These measures assess
whether learning persists
over time or generalizes be-
yond the original training
encounter.

Delayed knowledge tests; repeated
performance assessments; performance
after feedback removal; responses
to standardized new cases; transfer-
success rate; performance in practical
examinations or clinical rotations.

Retention; transfer to new
cases; transfer to clinical
practice; knowledge; commu-
nication; clinical reasoning;
assessment performance.

87,90

Statistical com-
parison and effect
estimation

These analyses quantify
group differences, within-
person change, associations,
uncertainty, or formal equiv-
alence after an outcome has
been measured.

Mean or median differences; gain
scores; regression coefficients; Pearson
or Spearman correlations; paired and
independent-sample 𝑡-tests; Mann–
Whitney and Wilcoxon tests; ANOVA;
chi-square and Fisher exact tests; confi-
dence intervals; Cohen’s 𝑑; noninferior-
ity or equivalence tests.

These analyses were used
across educational outcomes,
learner perceptions, sys-
tem outcomes, and validity
evaluations.

9,16,51,89
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S4 Quantitative synthesis of standardized educational outcomes

Purpose and interpretation of the synthesis. The quantitative synthesis was conducted as an exploratory

extension of the scoping review. It summarized standardized educational effects within four prespecified

domains: history taking and information gathering, communication and empathy, OSCE global assessment

and overall competence, and clinical reasoning and diagnostic performance. These domains were selected

because they represented the most frequently evaluated educational-performance constructs and contained at

least four estimates that could be placed on a common standardized scale.

The synthesis intentionally retained randomized, nonrandomized comparative, historical-control, and

single-group pre–post evaluations. It should therefore be interpreted as a broad direction-and-magnitude

summary of a methodologically heterogeneous evidence base rather than as a single causal treatment effect.

Comparative and uncontrolled estimates were distinguished in the forest plot and examined separately in

sensitivity analyses.

Effect-level eligibility and outcome selection. An estimate was eligible for standardization when the

article reported sufficient information to derive an effect estimate and its sampling variance for a learner-level

educational outcome. Technical performance, system accuracy, usability, satisfaction, qualitative findings,

correlations, agreement coefficients, and post-only ratings without a comparator or reference distribution

were retained in the wider evidence map but were not placed on the Hedges’ 𝑔 axis.

No more than one estimate was selected for each unique combination of participant cohort, outcome

domain, comparator, and assessment time point. The selection hierarchy was:

1. the prespecified primary educational outcome;

2. a validated domain-specific total score;

3. an independently or human-rated performance measure;

4. an objective test or examination score;

5. a validated automated performance score;

6. a learner-reported competence, confidence, self-efficacy, or attitude measure.

16



Total scores were preferred to overlapping subscales. Estimates were not selected according to their

magnitude or statistical significance. When an article reported both immediate and delayed assessments,

the immediate post-intervention outcome was used in the principal synthesis, while delayed outcomes were

retained separately. Distinct outcomes from the same cohort could enter different domain-specific models, as

occurred for the OSCE and clinical reasoning outcomes reported by Shen et al., but no cohort contributed

more than one estimate to the same domain model.

All effects were oriented so that positive values indicated better performance with the generative-AI-

powered simulated-patient intervention or improvement after exposure. Scores for which lower values

indicated better performance were multiplied by −1 before synthesis.

Small-sample correction. Continuous effects were expressed as Hedges’ 𝑔. Cohen’s 𝑑 was multiplied by

the small-sample correction

𝐽 (𝜈) = 1 − 3
4𝜈 − 1

, (1)

where 𝜈 was the corresponding error degrees of freedom. Thus,

𝑔 = 𝐽 (𝜈)𝑑. (2)

This approximation was used consistently in the effect-construction code.

Independent-group post-intervention outcomes. For parallel-group and historical-control comparisons

reporting post-intervention means and standard deviations, the pooled within-group standard deviation was

calculated as

𝑠p =

√︄
(𝑛I − 1)𝑠2

I + (𝑛C − 1)𝑠2
C

𝑛I + 𝑛C − 2
, (3)

where the subscripts I and C denote the intervention and comparator groups. Cohen’s standardized mean

difference was

17



𝑑 =
𝑋̄I − 𝑋̄C

𝑠p
, (4)

with 𝜈 = 𝑛I + 𝑛C − 2. Its approximate sampling variance after small-sample correction was

𝑣(𝑔) = 𝑛I + 𝑛C
𝑛I𝑛C

+ 𝑔2

2𝜈
. (5)

Comparative change-score outcomes. For studies reporting mean changes, the change in each group was

defined as

Δ 𝑗 = 𝑋̄post, 𝑗 − 𝑋̄pre, 𝑗 , (6)

and the independent-group standardized mean difference was calculated using the group-specific standard

deviations of individual change scores. The pooled change-score standard deviation was obtained by replacing

𝑠I and 𝑠C in the preceding equations with 𝑠Δ,I and 𝑠Δ,C.

When a standard deviation of change was not reported, it can in principle be calculated as

𝑠Δ, 𝑗 =

√︃
𝑠2

pre, 𝑗 + 𝑠2
post, 𝑗 − 2𝑟 𝑗 𝑠pre, 𝑗 𝑠post, 𝑗 , (7)

where 𝑟 𝑗 is the within-participant pre–post correlation. No common pre–post correlation was imputed in

this review. A change-score estimate was included only when the article reported the standard deviation of

change, a paired test statistic, a confidence interval for change, or another quantity from which the paired

variance could be recovered. The comparative change-score estimates for Shen et al. were calculated directly

from the reported group-specific mean changes and standard deviations of change.

Single-group standardized mean changes. For a single-group pre–post evaluation, the standardized mean

change was defined using the standard deviation of the individual change scores:

𝑑𝑧 =
𝐷̄

𝑠𝐷
, (8)

where 𝐷 = 𝑋post − 𝑋pre. When a paired 𝑡 statistic was reported,
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𝑑𝑧 =
𝑡
√
𝑛
. (9)

The small-sample-corrected estimate was

𝑔𝑧 = 𝐽 (𝑛 − 1)𝑑𝑧 . (10)

When the sampling variance was not reported directly, it was approximated as

𝑣(𝑔𝑧) = 𝐽 (𝑛 − 1)2

(
1
𝑛
+
𝑑2
𝑧

2𝑛

)
. (11)

No pre–post correlation was required when the standard deviation of the individual changes, a paired test

statistic, or a paired standardized effect was reported. Studies reporting only separate pre- and post-intervention

standard deviations without a change-score variance or paired statistic were not standardized by imposing an

assumed correlation.

Individual standardized effects were displayed using uniform square markers with horizontal lines

indicating 95% confidence intervals. Diamonds represent the domain-level pooled estimates and their 95%

confidence intervals. Evaluation design is reported in Supplementary Tables S4 and S5 for methodological

transparency but is not visually encoded by marker shape or fill in the forest plot.

Effects reconstructed from test statistics or nonstandard summary statistics. When group means and

standard deviations were unavailable but a two-sided 𝑝 value from an independent two-group comparison

was reported, the corresponding absolute 𝑡 statistic was reconstructed using the reported degrees of freedom.

The standardized mean difference was then calculated as

𝑑 = 𝑡

√︄
1
𝑛I

+ 1
𝑛C

, (12)

with its sign assigned according to the direction of the reported group difference. This procedure was used

for Aljedaani et al. and was classified as an approximate reconstruction.

For a paired comparison reported only through a two-sided 𝑝 value and sample size, 𝑡 was reconstructed with
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𝑛 − 1 degrees of freedom and converted using 𝑑𝑧 = 𝑡/
√
𝑛. This procedure was used for the learner-perceived

competence outcome reported by Byun et al.

Medians and interquartile ranges were not converted to means and standard deviations. When an article

reported a rank-based effect 𝑟, it was converted approximately to the standardized mean-difference scale as

𝑑 =
2𝑟

√
1 − 𝑟2

, (13)

followed by the Hedges correction. The Xie et al. estimate was derived in this manner from the reported

nonparametric effect 𝑟 = 0.61. It was therefore identified as a rank-derived standardized effect rather than a

conventional mean-based effect.

For two-group outcomes reported through partial eta squared, the approximate conversion

𝑑 = 2

√√
𝜂2

p

1 − 𝜂2
p

(14)

was applied, with the sign determined from the reported direction of the effect, followed by the small-sample

correction. Effects reconstructed from partial eta squared, rank statistics, or 𝑝 values were examined in a

sensitivity analysis that excluded approximately reconstructed effects.

No medians or interquartile ranges were transformed using distributional assumptions when a compatible

effect statistic was unavailable. Such findings were retained in their native metric outside the pooled analysis.

Adjusted and unadjusted estimates. For randomized parallel-group studies, arm-level post-intervention

or change-score statistics were used when they corresponded to the prespecified educational outcome and no

directly standardized adjusted effect was reported. For nonrandomized, matched, or longitudinal analyses,

an adjusted treatment contrast was preferred when the article reported the estimate, its standard error or

confidence interval, and a defensible standardizing standard deviation.

The propensity-score-matched estimate from Liu et al. was reconstructed from the reported average

treatment effect on the treated and its confidence interval. The repeated-measures estimate from Hong

et al. used the reported generalized-estimating-equation marginal contrast standardized by the reported

control-group standard deviation. These model-derived standardizations were flagged in the effect audit

and excluded in a sensitivity analysis of effects derived directly from group means, standard deviations, or
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reported standardized effects. Adjusted and unadjusted estimates from the same comparison were never

entered simultaneously.

Cluster, crossover, repeated-measures, and multi-arm designs. For cluster-randomized evaluations, a

cluster-adjusted estimate and standard error were preferred. When only unadjusted participant-level statistics

were available, an effective sample size would be calculated using

DE = 1 + (𝑚̄ − 1)ICC, (15)

where 𝑚̄ is the mean cluster size and ICC is the intracluster correlation coefficient. No intracluster

correlation was imputed.

McCarrick et al. did not report sufficient information to reconstruct a cluster-adjusted comparative

standardized effect. Its plotted estimate therefore represents the reported standardized pre–post change

within the intervention arm. It was retained only in the inclusive synthesis and was excluded from the

comparative-design sensitivity analysis.

Crossover studies were eligible only when a paired treatment contrast and its paired sampling variance

could be recovered. Crossover periods were not treated as independent parallel groups. No crossover-derived

estimate entered the final pooled forest plot because the eligible crossover reports did not provide sufficient

paired variance information. Their findings remained in the native-metric evidence map.

For repeated-measures studies, a reported model-based marginal contrast or a paired contrast preserving

within-participant dependence was used. Repeated observations were not entered as independent effects.

For a multi-arm study with two substantively equivalent eligible intervention arms sharing one comparator,

the intervention arms were combined before calculating 𝑔. Combined means and standard deviations

incorporated both within-arm and between-arm variation. When intervention arms represented materially

different educational strategies, the arm most closely matching the prespecified review contrast was selected

and the other arm was retained narratively. A shared comparator was not duplicated across two estimates in

the same domain.

Sampling variances supplied to the pooling model. Each audited effect entered the final plotting dataset

as Hedges’ 𝑔𝑖 and a two-sided 95% confidence interval [𝐿𝑖,𝑈𝑖]. The pooling script reconstructed the standard
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error and sampling variance as

SE𝑖 =
𝑈𝑖 − 𝐿𝑖

2𝑧0.975
, 𝑣𝑖 = SE2

𝑖 , (16)

where 𝑧0.975 = 1.9599639845. This reconstruction was used because the entered confidence intervals had

been generated on the Hedges’ 𝑔 scale using symmetric normal-approximation intervals. The revised analysis

archive stores 𝑔𝑖, SE𝑖, 𝑣𝑖, the source statistics, the transformation used, and all assumptions for each estimate.

Random-effects model. A separate random-effects model was fitted within each outcome domain. Between-

evaluation variance 𝜏2 was estimated by restricted maximum likelihood. For a candidate value of 𝜏2,

𝑤𝑖 (𝜏2) = 1
𝑣𝑖 + 𝜏2 , (17)

and the pooled estimate was

𝜇 =

∑𝑘
𝑖=1 𝑤𝑖𝑔𝑖∑𝑘
𝑖=1 𝑤𝑖

. (18)

The Python implementation minimized the restricted negative log-likelihood, up to an additive constant,

LREML(𝜏2) = 1
2

[
𝑘∑︁
𝑖=1

log(𝑣𝑖 + 𝜏2) + log

(
𝑘∑︁
𝑖=1

𝑤𝑖

)
+

𝑘∑︁
𝑖=1

𝑤𝑖 (𝑔𝑖 − 𝜇)2

]
, (19)

over 𝜏2 ≥ 0.

Modified Hartung–Knapp confidence intervals. Uncertainty in the pooled estimate was quantified using

the ad hoc modified Hartung–Knapp method with a lower bound of one on the Hartung–Knapp variance scale.

This corresponds to the modified Knapp–Hartung approach described for meta-analyses with few studies92,93.

The conventional Hartung–Knapp scale was

𝑞 =

∑𝑘
𝑖=1 𝑤𝑖 (𝑔𝑖 − 𝜇)2

𝑘 − 1
. (20)
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The modification used in the analysis was exactly

𝑞∗ = max(1, 𝑞). (21)

The variance and standard error of the pooled estimate were

V̂armHK(𝜇) =
𝑞∗∑𝑘
𝑖=1 𝑤𝑖

, SEmHK =

√︃
V̂armHK(𝜇). (22)

The two-sided 95% confidence interval was

𝜇 ± 𝑡𝑘−1,0.975SEmHK. (23)

Thus, “modified Hartung–Knapp” in this review specifically denotes REML estimation of 𝜏2, use of

𝑘 − 1 degrees of freedom, and the ad hoc variance-scale constraint 𝑞∗ = max(1, 𝑞). It does not denote a

Sidik–Jonkman estimator of 𝜏2.
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S5 Studies and effect derivations contributing to the meta-analysis

Table S4 identifies the evaluations contributing to each outcome domain and summarizes how each standardized

effect was derived. Detailed formulas and decision rules are provided in Supplementary Methods Section S4.

Evaluation design is reported as supplementary methodological information but is not encoded by marker

shape or fill in the forest plot.

Supplementary Table S4 | Studies and standardized-effect derivations contributing to the
meta-analysis of educational outcomes.

Outcome domain Study Evaluation design Effect derivation and analytical note Reference

History taking and
information gathering

Gao et al. (2026) Randomized parallel Post-intervention independent-group standardized mean
difference calculated from 93.07 ± 3.93 (𝑛 = 20) and
88.98 ± 4.05 (𝑛 = 20). Hedges’ 𝑔 = 1.005.

32

Borg et al. (2026) Nonrandomized com-
parative

Post-intervention independent-group standardized mean
difference calculated from 7.39 ± 0.86 (𝑛 = 61) and
6.68 ± 1.04 (𝑛 = 54). Hedges’ 𝑔 = 0.743.

19

Luo et al. (2025) Randomized parallel Post-intervention independent-group standardized mean
difference calculated from 64.62 ± 9.52 (𝑛 = 42) and
54.12 ± 8.80 (𝑛 = 42). Hedges’ 𝑔 = 1.135.

51

Xu et al. (2026) Historical control Post-intervention standardized mean difference calculated
from 86.95 ± 9.97 (𝑛 = 20) and 80.15 ± 4.04 (𝑛 = 18).
Hedges’ 𝑔 = 0.858. The comparator was historical rather
than concurrent.

94

Aljedaani et al.
(2026)

Nonrandomized com-
parative

Approximate standardized effect reconstructed from the
reported two-sided 𝑝 = 0.002 and group sizes 𝑛 = 157
and 𝑛 = 156. Hedges’ 𝑔 = 0.351. Group-specific standard
deviations were unavailable.

95

Sindhvananda et al.
(2026)

Single-group pre–post Reported paired Cohen’s 𝑑 ≈ 1.93, corrected for small-
sample bias. Hedges’ 𝑔 = 1.869. This estimate represents
within-participant change.

84

McCarrick et al.
(2025)

Cluster-randomized
study

Reported intervention-arm pre–post effect 𝑑 = 0.37,
corrected to Hedges’ 𝑔 = 0.364. A cluster-adjusted
comparative standardized effect could not be reconstructed
from the available statistics.

14

Domain summary REML random effects 𝑔 = 0.85, 95% CI 0.38–1.32, 𝑘 = 7; 𝜏2 = 0.198,
𝐼2 = 80.1%; 𝑄 (6) = 30.13, 𝑝 < 0.001; approximate
95% PI −0.40 to 2.10.

–

Communication and
empathy

Sun et al. (2026) Randomized parallel Post-intervention independent-group standardized mean
difference calculated from 18.53 ± 2.51 (𝑛 = 40) and
17.33 ± 2.13 (𝑛 = 42). Hedges’ 𝑔 = 0.512.

40

Xie et al. (2026) Randomized paral-
lel with rank-based
analysis

The reported rank-based effect 𝑟 = 0.61 was converted
using 𝑑 = 2𝑟/

√
1 − 𝑟2 and corrected for small-sample

bias. Hedges’ 𝑔 = 1.507. This is an approximate rank-
derived standardized effect.

38

Continued on the next page.
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Table S4 continued from the previous page.

Outcome domain Study Evaluation design Effect derivation and analytical note Reference

Chen et al. (2026) Randomized parallel The reported immediate post-intervention Cohen’s 𝑑 =

0.96 was corrected for small-sample bias using the total
sample size 𝑛 = 80. Hedges’ 𝑔 = 0.951.

81

Karnieli-Miller et al.
(2026)

Single-group pre–post The reported paired effect 𝑑 = 0.95 (𝑛 = 99) was
corrected to Hedges’ 𝑔 = 0.943. The selected outcome
measured learner-reported self-efficacy rather than directly
observed communication performance.

34

Suárez-García et al.
(2025)

Single-group pre–post A paired standardized change was reconstructed from the
reported mean improvement, its confidence interval, and
𝑛 = 30. Hedges’ 𝑔 = 2.495. Pre- and post-intervention
assessments used different simulation modalities.

21

Sanz et al. (2025) Single-group pre–post The reported partial 𝜂2
p = 0.001 was converted to a

standardized mean-difference scale and corrected for
small-sample bias. Hedges’ 𝑔 = 0.063. The outcome
assessed communication attitudes.

96

Domain summary REML random effects 𝑔 = 1.03, 95% CI 0.15–1.91, 𝑘 = 6; 𝜏2 = 0.611,
𝐼2 = 89.6%; 𝑄 (5) = 48.22, 𝑝 < 0.001; approximate
95% PI −1.34 to 3.40.

–

OSCE global
assessment and overall
competence

Shen et al. (2026) Randomized compara-
tive change score

Independent-group standardized difference in change
calculated from 11.9± 5.2 (𝑛 = 40) and 3.2± 5.0 (𝑛 = 40).
Hedges’ 𝑔 = 1.689. Reported change-score standard
deviations were used, so no pre–post correlation was
assumed.

43

Liu et al. (2026) Propensity-score
matched

The matched average treatment effect on the treated and
its confidence interval were standardized to obtain Hedges’
𝑔 = 0.246. This was a model-derived effect rather than a
direct arm-level standardized mean difference.

39

Hong et al. (2025) Randomized repeated
measures

The reported generalized-estimating-equation marginal
contrast was standardized using the reported control-group
standard deviation. Hedges’ 𝑔 = 0.656. A model-scale
residual standard deviation was unavailable.

79

Yamamoto et al.
(2024)

Historical control Post-intervention standardized mean difference calculated
from approximately 28.1 ± 1.6 (𝑛 = 35) and 27.1 ± 2.2
(𝑛 = 110). Hedges’ 𝑔 = 0.480. The comparator was
historical rather than concurrent.

16

Byun et al. (2026) Single-group pre–post A paired test statistic was reconstructed from the reported
two-sided 𝑝 = 0.0002 and 𝑛 = 21, then converted to
Hedges’ 𝑔 = 0.953. The outcome measured perceived
competence rather than objective OSCE performance.

27

Domain summary REML random effects 𝑔 = 0.77, 95% CI 0.09–1.46, 𝑘 = 5; 𝜏2 = 0.259,
𝐼2 = 88.3%; 𝑄 (4) = 34.10, 𝑝 < 0.001; approximate
95% PI −1.03 to 2.57.

–

Continued on the next page.
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Table S4 continued from the previous page.

Outcome domain Study Evaluation design Effect derivation and analytical note Reference

Clinical reasoning
and diagnostic
performance

Esmail & Concan-
non (2025)

Nonrandomized con-
trolled

The reported clinical-assessment Cohen’s 𝑑 = 0.23
was corrected for small-sample bias to obtain Hedges’
𝑔 = 0.227. The educational-performance outcome was
selected instead of the reported anxiety effect.

76

Shen et al. (2026) Randomized compara-
tive change score

Independent-group standardized difference in change
calculated from 1.3 ± 0.7 (𝑛 = 40) and 0.3 ± 0.5 (𝑛 = 40).
Hedges’ 𝑔 = 1.628. Reported change-score standard
deviations were used.

43

Brügge et al. (2024) Randomized feedback
comparison

The reported partial 𝜂2
p = 0.198 was converted to a

standardized mean-difference scale and corrected for
𝑛 = 21. Hedges’ 𝑔 = 0.954. The comparison assessed the
incremental effect of AI-generated feedback.

9

Psychiatric CR trial
(2026)

Single-group pre–post The reported paired effect 𝑑 = 0.96 (𝑛 = 32) was
corrected for small-sample bias to obtain Hedges’ 𝑔 =

0.937. This estimate represents within-participant change.

73

Domain summary REML random effects 𝑔 = 0.93, 95% CI −0.03–1.90, 𝑘 = 4; 𝜏2 = 0.282,
𝐼2 = 79.9%; 𝑄 (3) = 14.91, 𝑝 = 0.002; approximate
95% PI −1.69 to 3.56.

–

Note: Positive effects indicate better educational performance associated with exposure to, or improvement following, the

generative-AI-powered simulated-patient intervention. Domain-level estimates were calculated using restricted maximum-

likelihood random-effects models with modified Hartung–Knapp 95% confidence intervals, using the variance-scale constraint

𝑞∗ = max(1, 𝑞). Prediction intervals were calculated as 𝜇 ± 𝑡𝑘−2,0.975

√︃
𝜏̂2 + SE2

mHK and should be interpreted cautiously because

each domain contained only four to seven estimates. Evaluation design is reported for methodological transparency but is not

visually encoded in the forest plot. CI, confidence interval. PI, prediction interval. REML, restricted maximum likelihood.
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S6 Study-level evidence included in the educational-effect meta-analysis

This subsection documents the study-level basis of the quantitative synthesis and supports transparent

interpretation and verification of the forest plot.

Supplementary Table S5 | Studies displayed in the forest plot of standardized educational effects.

Outcome domain Study shown in the figure Design shown in the figure Reference

History taking and

information gathering

Gao et al. (2026) Randomized parallel 32

Borg et al. (2026) Nonrandomized comparative 19

Luo et al. (2025) randomized parallel 51

Xu et al. (2026) Historical control 94

Aljedaani et al. (2026) Nonrandomized comparative 95

Sindhvananda et al. (2026) Single-group pre–post 84

McCarrick et al. (2025) Cluster-randomized pre–post 14

Communication and

empathy

Sun et al. (2026) Randomized parallel 40

Xie et al. (2026) Randomized rank-based 38

Chen et al. (2026) Randomized parallel 81

Karnieli-Miller et al. (2026) Single-group pre–post 34

Suárez-García et al. (2025) Single-group pre–post 21

Sanz et al. (2025) Single-group pre–post 96

OSCE global assessment and

overall competence

Shen et al. (2026) Randomized change-score 43

Liu et al. (2026) Propensity-score matched 39

Hong et al. (2025) Randomized repeated measures 79

Yamamoto et al. (2024) Historical control 16

Byun et al. (2026) Single-group pre–post percep-

tion

27

Clinical reasoning and

diagnostic performance

Esmail & Concannon

(2025)

Nonrandomized controlled 76

Continued on the next page.
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Table S5 continued from the previous page.

Outcome domain Study shown in the figure Design shown in the figure Reference

Shen et al. (2026) Randomized change-score 43

Brügge et al. (2024) Randomized feedback compari-

son

9

Psychiatric CR trial (2026) Single-group pre–post 73
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S7 Treatment of safety and governance issues in the included literature

Safety and governance issues were most often discussed as risks or limitations, rather than documented as

observed incidents or subjected to empirical evaluation (Supplementary Fig. S2 and Supplementary Table S6).

Model or version instability was the most frequently represented issue and included the largest number of

observed incidents, while hallucination or factual inaccuracy, bias and representativeness, and transparency

or disclosure were also commonly discussed. Implemented mitigations were particularly prominent for

privacy and data governance and transparency or disclosure. By contrast, harmful or inappropriate advice,

external vendor or API exposure, and accessibility were reported less frequently. These patterns indicate

growing recognition of safety and governance concerns, but also show that systematic empirical evaluation

and incident reporting remain less common than narrative risk discussion.
Supplementary Table S6 | Treatment of safety, ethical, equity, and governance issues in the included
literature.

Issue Incident

observed

Empirically

evaluated

Implemented

mitigation

Discussed as

risk or

limitation

Future

recommen-

dation only

Direct potential harm

Harmful or inappropriate advice 0 0 1 0 1

Invalid automated feedback or scoring 1 0 8 16 0

Clinical and educational integrity

Hallucination / factual inaccuracy 2 9 6 28 0

Clinical inconsistency 0 1 1 7 0

Model / version instability 12 4 8 54 3

Human, ethical, and equity risks

Learner overreliance 0 0 0 21 1

Bias and representativeness 1 2 3 25 4

Cultural / linguistic appropriateness 0 1 1 14 0

Accessibility 0 0 1 9 0

Continued on the next page.
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Table S6 continued from the previous page.

Issue Incident

observed

Empirically

evaluated

Implemented

mitigation

Discussed as

risk or

limitation

Future

recommen-

dation only

Transparency / disclosure 1 1 19 30 4

Data, infrastructure, and governance

Privacy / data governance 0 0 25 14 2

External vendor / API exposure 0 0 2 2 0

Security 0 1 5 14 1

Other 3 2 2 16 1

Note: Cells report the number of unique study-unit–issue–treatment assignments. A study unit could contribute to more than

one issue and to more than one treatment category for the same issue. Counts should therefore not be summed as numbers of

unique studies and do not represent the incidence or severity of harm.

Supplementary Table S7 | Representative works illustrating the safety, ethical, equity, and
governance subdomains identified in generative AI-powered simulated-patient research.

Major risk domain Subdomain Representative

works

Direct potential harm Emergency recognition and escalation 84,97

Learner distress and psychological harm 43,98,99

Invalid automated feedback or scoring 3,34,84

Clinical and educational integrity Hallucination and factual inaccuracy 3,8,35

Clinical inconsistency 15,100,101

Patient-role fidelity and misrepresentation 24,80,102

Technical reliability and availability 4,103,104

Model and version instability 34,105,106

Assessment integrity and gaming 22,28,107

Continued on the next page.
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Table S7 continued from the previous page.

Major risk domain Subdomain Representative

works

Human, ethical, and equity risks Learner overreliance and automation bias 22,28,43

Bias and representativeness 28,34,108

Cultural and linguistic appropriateness 33,84,109

Accessibility and the digital divide 81,110,111

AI transparency and disclosure 5,87,112

Professionalism and boundary risks 7,80,84

Data, infrastructure, and

governance

Privacy and data governance 31,43,87

Security and access control 1,56,85

External vendor and API exposure 6,58,80

Consent and participant rights 31,85,97

Intellectual property and data provenance 22

Other cross-cutting risks 38,57,113
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Supplementary Fig. S2 | Treatment of safety, ethical, equity, and governance issues in the included literature. Horizontal
stacked bars show the number of unique study-unit–issue–treatment assignments for each issue. Colors indicate whether the issue
was reported as an incident observed, empirically evaluated, addressed through an implemented mitigation, discussed as a risk or
limitation, or mentioned only as a future recommendation. Background shading groups issues into direct potential harm, clinical
and educational integrity, human, ethical, and equity risks, and data, infrastructure, and governance.
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S8 Title and abstract screening interface

A browser-based interface was developed to support structured title and abstract screening. For each record, reviewers

examined the bibliographic information and independently assessed five inclusion criteria covering the use of artificial

intelligence, the presence of a simulated-patient system, relevance to health professions education, reporting of original

research or system development, and English-language publication. Each criterion could be labelled as yes, no, or

uncertain. Records were classified as included only when all criteria were marked yes, as excluded when at least one

criterion was marked no, and as uncertain when at least one criterion remained uncertain. The interface also displayed

reviewer progress and retained record-level screening decisions for subsequent reconciliation and adjudication.

Supplementary Fig. S3 | Title and abstract screening interface. The browser-based interface displayed the title, abstract, and
available bibliographic information for each record and enabled reviewers to assess the five prespecified inclusion criteria using
yes, no, or uncertain responses. The overall screening decision was generated from the criterion-level responses, while reviewer
assignments and completion progress were tracked within the interface.
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S9 Human annotation and adjudication protocol

S9.1 Purpose and scope

This manual describes how trained human reviewers should independently extract and classify evidence from the

included articles. The resulting adjudicated dataset will serve as the human reference standard for validation and

reliability analyses.

Reviewers should use the predefined controlled vocabulary and annotation structure described in this manual. All

decisions must be based on information explicitly reported in the article, tables, figures, appendices, or supplementary

materials.

S9.2 Reviewer roles and source-document hierarchy

Each article should be independently annotated by at least two trained reviewers with relevant experience in health

professions education, clinical research, evidence synthesis, or related fields. Questions concerning technical terminology

or system architecture may be referred to a reviewer with relevant technical expertise.

Reviewers should examine the complete article and all available supplementary materials. Evidence should generally

be prioritized in the following order:

1. methods, intervention, system-development, and implementation sections;

2. results, tables, figures, and supplementary materials;

3. protocols or technical appendices included with the article;

4. discussion statements describing implemented features or observed limitations; and

5. the abstract when the information is unavailable elsewhere.

Reviewers must not infer information from author affiliations, publication year, institutional reputation, clinician

coauthorship, or familiarity with a named product or model.

S9.3 Units and levels of annotation

This subsection defines the unit of analysis for human coding so that reviewers apply the annotation framework

consistently across articles and evaluation units.
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Supplementary Table S8 | Levels and units of human annotation.

Level Definition Examples

Article level Information applying to the publication as a

whole.

Bibliographic information, article-wide report-

ing items, eligibility, overall confidence, and

article-level notes.

Study-unit level A distinct study, system configuration, learner

evaluation, technical evaluation, or implemen-

tation episode.

Separate learner populations, different

simulated-patient systems, distinct training

and assessment uses, or separate technical and

learner-facing evaluations.

Nested-record

level

Repeated records within a study unit that

should not be merged into a single text field.

Model components, outcomes, validity as-

sessments, safety issues, evidence gaps, and

future-research recommendations.

A new study unit should be created only when there is a meaningful difference in the study population, system,

intervention, evaluation, or implementation. Multiple outcomes, subgroup analyses, or repeated reporting of the same

participants should not automatically create additional study units.

S9.4 Review-question annotation modules

This subsection organizes the annotation workflow by review question and provides a consistent structure for data

extraction.
Supplementary Table S9 | Human annotation modules and principal fields.

Module Focus Principal fields

RQ1 Research landscape Country, profession, learner stage, specialty, educational setting,

participant numbers, and implementation context.

RQ2 Technical construction and

educational implementation

Case provenance, model components, architecture, grounding, pa-

tient persona, memory, interaction modalities, feedback, guardrails,

validation, curriculum integration, faculty roles, and reproducibility.

RQ3 Educational activities and

competencies

Educational activities, targeted competencies, measured competen-

cies, and assessment functions.
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Module Focus Principal fields

RQ4 Evaluation methods and edu-

cational effectiveness

Study design, participant flow, outcome measures, comparators,

numerical findings, validity and reliability, effectiveness, evidence

maturity, and methodological limitations.

RQ5 Safety and governance Safety issues, evaluated risks, implemented mitigations, ethics re-

view, privacy, oversight, disclosure, audit processes, and governance

practices.

RQ6 Evidence gaps and future

research

Reporting gaps, methodological limitations, translation barriers,

unresolved evidence needs, and author-proposed future-research

priorities.

S9.5 General annotation decision rules

These cross-cutting decision rules are intended to reduce unsupported inference and improve consistency

between independent reviewers.
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Supplementary Table S10 | General rules applied across all annotation modules.

Rule Application

Use explicit evidence Code only information that is stated or directly demonstrated. Do not reconstruct undocu-

mented technical or educational processes.

Preserve reported

terminology

Transcribe model names, versions, instruments, study-design descriptions, and numerical

results as reported.

Allow multiple cate-

gories

Use multi-label coding when several professions, activities, competencies, modalities,

limitations, or governance practices are supported.

Count unique people Participant counts refer to unique human participants, not prompts, conversations, sessions,

cases, ratings, or system outputs.

Separate concepts Do not combine educational activities, intended competencies, measured competencies,

learner experience, and system-performance outcomes.

Record supporting

evidence

For important fields, record a concise supporting quotation and the corresponding PDF

page number.

Document uncer-

tainty

Record the disputed field, the reason for uncertainty, and the plausible alternatives. Do not

force an unsupported classification.

Respect module

boundaries

For example, RQ2 records whether a guardrail was implemented, whereas RQ5 records its

safety or governance implications.
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S9.6 Field-specific coding instructions by review question

This subsection translates the review framework into operational coding guidance for field-level annotation

and adjudication.
Supplementary Table S11 | Field-specific annotation guidance by review question.

RQ Field group What to record Key decision rule

RQ1
Study country Location of system development, edu-

cational implementation, or evaluation.
Do not infer the country from author affiliations alone.

Profession and learner
stage

Profession and training stage as sepa-
rate fields.

Residents are postgraduate trainees. Students without a specific stage
may be classified as prelicensure, stage unspecified.

Specialty and setting Clinical domain and educational
context.

Use the cases, curriculum, or intervention rather than the authors’
departments. “Research only” is reserved for technical testing without
a genuine learner intervention.

RQ2

Model components Each materially distinct technical
component and its function.

Create separate records for dialogue, feedback, scoring, retrieval, mod-
eration, speech, translation, state management, or avatar generation.

Model reporting Model family, name, version, provider,
and component role.

Preserve the reported terminology. Do not infer a model version from
publication date.

Grounding and retrieval How information was supplied to the
model.

A fixed case included in the prompt is not retrieval-augmented genera-
tion. Retrieval-augmented generation requires inference-time retrieval
from an external collection.

Fine-tuning Any reported adaptation of model
weights.

Prompt engineering is not fine-tuning. Fine-tuning requires weight
adaptation, instruction tuning, adapters, or an equivalent process.

Persona, state, and
memory

Stable patient characteristics, changing
interaction states, and mechanisms
used to preserve earlier information.

Multi-turn dialogue alone does not establish a separate memory
mechanism.

Feedback and assess-
ment

Source, timing, format, and purpose of
learner feedback or scoring.

Separate patient dialogue from feedback. Identify whether feedback
was produced through a model, rubric, faculty member, peer, or hybrid
process.

Guardrails and valida-
tion

Implemented safeguards, human
review, pre-use testing, monitoring,
and logging.

Code implemented controls only. Proposed safeguards belong under
future recommendations. Clinician coauthorship alone is not formal
validation.

RQ3

Educational activity What learners did during the interven-
tion.

Examples include history taking, communication, diagnosis, manage-
ment planning, counseling, or OSCE practice.

Targeted competency What the intervention was intended to
develop.

Use stated learning objectives or intervention descriptions.

Measured competency What was directly assessed. A measured competency requires an observed task, test, rubric, rating,
instrument, or reported subscale. Satisfaction, confidence, realism,
and usability are not competencies.

Study design Definitive design classification used
for evidence synthesis.

Record randomization, allocation, blinding, and power calculations
only when explicitly reported.

Participant flow Numbers enrolled, allocated, com-
pleted, and analyzed.

Keep interactions, cases, and sessions separate from participant counts.
Document inconsistent denominators.

Continued on the next page.
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Table S11 continued from the previous page.

RQ Field group What to record Key decision rule
Outcome records Construct, instrument, evaluator,

timepoint, comparator, numerical
result, direction, significance, and
interpretation.

Create separate records for different constructs, instruments, time-
points, or comparisons.

Educational effective-
ness

Evidence of changes in learner knowl-
edge or performance.

Satisfaction, confidence, realism, and usability alone do not demon-
strate educational effectiveness. Immediate post-intervention findings
do not demonstrate retention.

Transfer and retention Retention, performance on new cases,
and performance in clinical practice.

Transfer to clinical practice requires assessment in a real or authentic
workplace context.

Validity and reliability Formally examined measurement
properties.

General expert approval or perceived realism is not automatically
validity evidence.

RQ4

Safety issues Observed incidents, evaluated risks,
implemented mitigations, or specifi-
cally discussed risks.

The absence of reported harm does not demonstrate safety. When no
systematic assessment was conducted, classify safety as not evaluated.

Governance Ethics review, consent, disclosure,
privacy, oversight, audit logging,
incident review, change control, and
appeal mechanisms.

Do not infer governance practices from institutional affiliation or
author credentials.

Evidence gaps Observable limitations in reporting,
design, validation, safety, equity,
implementation, or reproducibility.

Distinguish author-identified gaps from reviewer-identified gaps.
Reviewer judgments must remain evidence-based.

Future research Recommendations explicitly proposed
by the article authors.

Do not create recommendations on the authors’ behalf.
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S9.7 Independent annotation, reconciliation, and adjudication

Reviewers should complete their annotations independently and without consulting one another’s records.

After both reviewers have completed their records, disagreements should be compared field by field.

Disagreements may concern:

• missed information;

• study-unit boundaries;

• controlled-vocabulary mapping;

• evidence interpretation;

• numerical transcription;

• missingness or applicability; or

• ambiguity in the annotation manual.

The two reviewers should first attempt to reach consensus by jointly reviewing the relevant source passage.

Unresolved disagreements should be adjudicated by a third reviewer. The final dataset should preserve the

original reviewer values, the adjudicated value, and the reason for the adjudication decision.
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