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Summary.

Objective: To critically analyze the empirical evidence on automated feedback using artificial
intelligence (AI) in clinical simulation for medical students, with an emphasis on validity,
educational outcomes, and transferability. Methodology: A non-systematic, multi-source
integrative critical review was conducted, guided by the methodological approach of Whittemore
and Knafl and recommendations for integrative reviews. Structured searches were performed in
PubMed/MEDLINE, ERIC, and OpenAlex, supplemented by citation tracking and comparison
with recent reviews. The primary studies underwent explicit critical appraisal by domains of
design, comparator, outcome independence, reproducibility, and follow-up. Results: Seventeen
empirical studies published between 2019 and 2026 were analyzed. The evidence showed high
agreement with human evaluators in some structured tasks, but also specificity errors, bias toward
high scores, variability between performances, and limitations in complex communicative
behaviors. The educational benefits were concentrated in immediate outcomes; The transfer to
independent assessments was documented in only a subset. Conclusions: Automated feedback is
primarily useful for formative assessment and repeated practice. The available evidence does not
demonstrate general equivalence with human assessment, nor does it support its autonomous use
in high-impact summative decisions. Domain-specific validations, independent outcomes, and
longitudinal follow-up are required.

Keywords: artificial intelligence, automated feedback, clinical simulation, virtual patients, medical
education, formative assessment

Abstract.

Objective: To critically analyze empirical evidence on artificial intelligence (Al)-generated
automated feedback in clinical simulation for medical students, focusing on validity, educational
outcomes, and transfer. Methods: A multisource integrative critical review, rather than a
systematic review, was conducted following the methodological principles of Whittemore and
Knafl and guidance for integrative reviews. Structured searches were performed in
PubMed/MEDLINE, ERIC, and OpenAlex, supplemented by citation tracking and comparison
with recent reviews. Primary studies underwent an explicit critical appraisal across design,
comparator, outcome independence, reproducibility, and follow-up domains. Results: Seventeen
empirical studies published between 2019 and 2026 were analyzed. High agreement with human
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raters was reported for some structured tasks, but specificity errors, overly generous scoring, run-
to-run variability, and limitations in complex communication behaviors were also observed.
Educational benefits were concentrated in immediate outcomes, while transfer to independent
assessments was documented only in a subset. Conclusions: Automated feedback currently shows
its clearest utility for formative and repeated practice. Available evidence does not establish
general equivalence with human assessment or justify autonomous use in high-stakes summative
decisions. Domain-specific validation, independent outcomes, and longitudinal follow-up are
needed.

Keywords: artificial intelligence, automated feedback, clinical simulation, virtual patients, medical
education, formative assessment

1. Introduction

Clinical simulation allows for the training of clinical skills in safe and controlled environments,
with the possibility of repetition, standardization, and feedback before exposure to more complex
care situations. In medical education, standardized patients, physical simulators, virtual patients,
and immersive environments are not equivalent modalities, but rather resources with varying
degrees of realism, availability, and capacity to train specific domains. Fierro Manrique et al.
recently highlighted the complementarity between high-fidelity simulation with standardized
patients and virtual environments, noting distinct advantages in communication, emotional
realism, accessibility, and repetition (1).

The expansion of artificial intelligence (AI), and in particular large-scale language models
(LLMs), has added a new function to simulation: generating dynamic clinical responses,
interpreting student dialogue, and producing automatic feedback during or after the encounter. A
scoping review published in this same journal mapped Al applications in practical clinical training
and found a predominance of simulated scenarios and immediate results (2). Recent international
reviews also describe rapid growth in generative virtual patients and Al applications in clinical
skills, but they agree on methodological heterogeneity and limited evidence of transfer to real
clinical contexts (3-5). Recent work has described the expansion of generative Al, the pedagogical
use of ChatGPT, case generation with LLMs, and new teaching competencies linked to Al together,
they show a rapidly evolving field with still predominantly early results (51-54).

In this context, automated feedback warrants specific analysis. Feedback is not simply post-
performance information: its value depends on its ability to identify, understand, and address gaps.
Classical feedback frameworks emphasize specificity, comparison to a standard, and a focus on
improvement actions (6, 7). In simulation, this function is linked to deliberate practice, which
requires defined objectives, repetition, and corrective feedback (8). Furthermore, from the
perspective of cognitive load theory, the quantity and complexity of feedback must be adjusted to
the learner's level to avoid extrinsic overload (9, 10). Therefore, a model's linguistic fluency does
not, in itself, demonstrate that its judgment is valid, actionable, or pedagogically useful.

The scope review by Bonilla Mejia et al. (2) included automated assessment and feedback as
one of several application domains of Al, while other recent reviews have focused more broadly on
feedback generated by LLMs or on virtual patients (14-17, 44). One specific question remains less
resolved: whether automated feedback produces changes that persist when the student is assessed
outside the Al platform itself. Therefore, the distinctive contribution of this review is to separate
three often conflated levels: agreement with human evaluators, pedagogical quality of the feedback,
and transferability to independent assessments such as OSCEs or standardized patients. This focus
complements, rather than duplicates, the existing general mappings.
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The aim of this article is to critically analyze the empirical evidence on Al-driven automated
feedback and assessment within clinical simulations for medical students. Four questions are posed:
(1) What evidence exists regarding the accuracy, consistency, and stability of automated feedback?;
(2) What educational outcomes have been associated with its use?; (3) To what extent do the
benefits transfer to assessments independent of the Al platform?; and (4) What pedagogical and
operational safeguards emerge from the available evidence?

The analysis was structured around four predefined theoretical frameworks. First, cognitive
load theory guided the analysis of the quantity, sequence, and complexity of feedback (9,10).
Second, criteria for good evaluation and the argumentative approach to validity allowed for a
distinction between the accuracy of an output and the sufficiency of evidence for its intended
evaluative use (11,12). Third, programmatic evaluation contributed the principle that high-impact
decisions require multiple points of information and expert judgment, while a single piece of data
can retain formative value (13). Fourth, deliberate practice underpinned the analysis of repetition,
corrective feedback, and performance progression (8). These frameworks justified the domains
examined: quality and actionability of feedback, validity of automated evaluation, practice
conditions, cognitive load, and transfer to independent assessments. The need for a specific focus
has also been reinforced by recent syntheses. Reviews of Al-powered virtual patients for
communication, interviewing, and clinical reasoning have identified potential benefits, but also a
lack of consistent theoretical frameworks, standardized measures, and longitudinal evidence (14-
17). The present review does not aim to replace those comprehensive syntheses, but rather to
critically examine the feedback/evaluation component and contrast the primary studies located
with those reviews.

2. Methods

2.1. Review design and approach

An integrative critical review was conducted using a structured, multi-source search. The work
was guided by the approach of Whittemore and Knafl, which organizes the integrative review into
problem definition, literature search, data appraisal, analysis, and synthesis presentation, and by
contemporary methodological recommendations for literature reviews (48,49). This design was
chosen because it allows for the integration of experimental, quasi-experimental, validation, and
mixed-methods studies around a specific educational mechanism —automated feedback within
clinical simulation. The manuscript is not presented as a systematic or scoping review; therefore, it
does not claim exhaustiveness or compliance with PRISMA-ScR guidelines. Inferences are limited to
the primary studies identified through the described strategy and their contextualization with
recent secondary syntheses.

2.2. Review and eligibility question

The question was: What empirical evidence exists regarding the validity, quality, educational
outcomes, and transferability of Al-generated automated feedback or assessment within clinical
simulation experiences for medical students? Empirical publications between January 2019 and
September 3, 2026, were included if they: (a) targeted medical students or an explicit medical
education context; (b) employed a virtual patient, digital simulated patient, recorded standardized
patient interaction, conversational agent, or interactive clinical scenario; and (c) used Al to generate
feedback, score performance, or compare an automated assessment to a human referent.
Technology validation studies were admitted when they explicitly assessed the quality of the
feedback or scoring intended for the learner. Editorials, letters, protocols, secondary reviews as
primary studies, simulations without automated feedback/assessment, and Al applications used
only to generate content without clinical interaction were excluded.
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2.3. Bibliographic search

Identification was performed using structured and complementary searches in
PubMed/MEDLINE, ERIC, and OpenAlex. In each source, the following criteria were combined:
population/context (medical students, medical education), simulation (virtual patient, simulated
patient, standardized patient, clinical simulation), Al (artificial intelligence, generative Al, large
language model, GPT), and feedback/evaluation (feedback, automated assessment, scoring,
evaluation). No restriction was applied based on the availability of full text. Publications in English
or Spanish were considered; studies in other languages were eligible if they had sufficient
information in English to assess the criteria. A retrospective reference search and a prospective
citation search were performed. As a coverage audit, retrieved studies were compared with four
recent syntheses (14-17) that included additional databases. This triangulation was used to detect
potential omissions and not as a substitute for a direct systematic search of subscription databases.
The original search was updated on September 3, 2026. The chains and the recovery procedure are
presented in Annex 1.

Table 1. Information sources and identification strategy for integrative critical review.

Source Function in the review Search blocks / strategy

medical education/student”* +
PubMed/ Primary biomedical virtual/simulated/standardized patient + artificial
MEDLINE identification intelligence/LLM/GPT +
feedback/assessment/scoring

medical education/student* + simulation/virtual

1 t
ERIC SupP ementary patient + artificial intelligence/LLM +
educational coverage
feedback/assessment
Multidiscipli
whdisapnaty Combinations by title/topic of Al-generated
coverage and detection . . . .
OpenAlex . feedback, virtual patient, standardized patient,
of works not refrieved clinical simulation and medical education
in PubMed/ERIC
. Retrospective and References to included studies, related articles, and
Date tracking . oL
prospective research citation records
Contrast with revi that used S , Web of
Recent multibase Coverage and ontrast with reviews that vsec ocopts, TVeb ©

Science, CINAHL, PsycINFO, ERIC and other

th 14-17 textualizati dit
syntheses ( ) contextualization audi databases

2.4. Selection and duplicate control process

The records were cleaned for DOI and title matches. In the first phase, titles and abstracts were
reviewed according to eligibility criteria; potentially relevant studies were then assessed for full
text. Articles identified through citation tracking and OpenAlex were subjected to the same criteria.
Secondary reviews were not counted among the primary studies and were used only for coverage
comparison and discussion. The lead author (AMTM) performed the initial screening and data
extraction using a predefined form. The second author (ADGC) independently verified the
eligibility of the included studies and the critical variables extracted —design, sample, intervention,
comparator, primary outcome, and DOI. Discrepancies were resolved by consensus. This procedure
does not equate to independent duplicate screening from the time of identification and is
acknowledged as a limitation.

The review was initially developed as a critical review, and the historical search record did not
maintain an exportable count by source of all retrieved and excluded records. To avoid
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reconstructing unverifiable retrospective figures, numbers that cannot be audited are not presented.
Traceability is maintained for the 17 included primary studies, including their DOIs, design,
sample, outcomes, and reason for inclusion (Table 2). This limitation of quantitative traceability is
explicitly stated in the limitations section and distinguishes it from a systematic review.

2.5. Extraction, verification and synthesis of evidence

For each study, the following data were extracted: year, country, design, participants,
simulation modality, type of Al, system function, nature of feedback or evaluation, comparator,
outcomes, and relevant findings. The synthesis domains were defined before interpreting the
results and were based on the frameworks presented in the introduction: (1) validity, agreement,
reproducibility, and intended use; (2) specificity, actionability, and pedagogical quality of feedback;
(3) educational outcomes and conditions for deliberate practice; (4) cognitive load and student
experience; and (5) transferability to an independent evaluation of the platform itself. The
heterogeneity of designs, competencies, scales, and comparators precluded an aggregated
quantitative synthesis; therefore, a narrative analysis was conducted by domain.

2.6. Critical appraisal of the evidence

Given the heterogeneity of the designs, a critical appraisal was performed by domain, inspired
by the principles of evaluating heterogeneous studies in the Mixed Methods Appraisal Tool
(MMAT) (50), without converting its criteria into an overall numerical score. Five domains were
considered for each study: (1) design adequacy and presence of a comparator or reference; (2)
sample sufficiency and representativeness for the objective; (3) independence of the outcome from
the Al platform itself; (4) reproducibility or repeatability of the evaluation; and (5) follow-up
duration. The overall assessment was classified as major, intermediate, or exploratory to guide the
interpretation, not as a formal level of certainty. Studies with a comparator, independent outcome,
and experimental design received greater interpretive weight; small pilot studies, perceptual
studies, and uncontrolled series were considered exploratory. Table 3 presents this assessment.

2.7. Transparency and reproducibility

To promote reproducibility, the sources consulted, search strings, eligibility criteria, extraction
variables, and critical appraisal domains were documented. Figure 1 retains a descriptive function
of the process and is not presented as a PRISMA diagram. Retrospective quantitative traceability by
source is incomplete; therefore, unverifiable figures were not reconstructed. This decision prioritizes
transparency over an appearance of exhaustiveness that the original design cannot sustain.

2.8. Ethical considerations

The study used exclusively information from available publications and did not involve
human participants, identifiable medical records, or personal data; therefore, it did not require
approval from an ethics committee. The review was guided by principles of transparency,
traceability of sources, and verification of bibliographic data.
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Proceso de identificacion y sintesis de la revision critica integrativa

1. Busqueda multifuente 2. Rastreo de citas 3. Depuracion
PubMed/MEDLINE « ERIC * OpenAlex Referencias hacia atras y hacia DOI + titulo; eliminacion de
adelante duplicados
4. Cribado focal 5. Extraccién 6. Sintesis critica
Titulo/resumen y texto completo Disefio, muestra, 1A, feedback, Validez * aprendizaje ¢
comparador y outcomes transferencia * carga cognitiva

Esquema descriptivo de una revision critica integrativa; no corresponde a un diagrama PRISMA.

Fieura 1. Proceso de identificacion v sintesis de la revisién critica inteerativa.
3. Results

3.1. General characteristics

The primary synthesis included 17 empirical studies that met the focal criteria. One was
published in 2019, and the remaining studies between 2024 and 2026. In addition to the previously
identified studies, the multi-source search incorporated a randomized trial on simulation with LLM
and structured feedback, a multimetric evaluation of ChatGPT as both standardized patient and
evaluator, a pilot study of ambient listening for feedback in simulated encounters, and a study
evaluating transcripts of encounters with standardized patients using various LLMs (18-21). Except
for the pre-current generation LLM system described by Maicher et al. (22), recent studies
predominantly used LLM or generative Al. History taking, communication, and clinical reasoning
were the most frequent domains. Table 2 summarizes the included primary studies.

3.2. Critical appraisal of the evidence

The domain assessment showed that the strongest interpretive evidence came from
randomized controlled trials and studies with comparators or independent outcomes, while several
pilot studies, perceptual studies, and pre-post series provided exploratory evidence. No study
provided long-term follow-up with real patients. Therefore, the following results are presented
hierarchically by design and outcome independence, avoiding assigning the same weight to all
studies (Table 3).
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Table 2. Empirical studies included on automated feedback or evaluation using Al in clinical simulation.

Critical reading

Study Country Design/sample Mode Feedback/evaluation Main finding
Maicher et al., Validation; 102 Alpowered V.i rtual I.As.utor.natic qu.estion . Overall accuracy 87% vs. 90% human; Demonstrates feasibility
USA encounters (20 3D standardized classification and immediate ) . . of automated pre-LLM
2019 (22) . high reliability in 19/21 categories.
analyzed) patient feedback assessment.
P tive; 1 >99% of medically plausibl ; d 1
Holderried et rospectves 06 Simulated patient  Structured feedback on 99% 0 medicaly p ausible responses; Good overa
Germany conversations, 1894 . . k=0.832 with human evaluator; k<0.6 in agreement, but uneven
al., 2024 (23) . . with GPT-4 anamnesis . o
question-answer pairs 8/45 categories. specificity by category.
Evid f transfer t
Not randomized; 35 , Preclinical OSCE: 28.1 vs 27.1; p=0.01. o e 0 AN er o
Yamamoto et Japan intervention/110 Simulated patient Feedback after interviews Limitation in non-verbal standardized
al., 2024 (24) P . . with LLM L assessment, with a non-
historical control communication. ) )
randomized design.
Scherr et al, ExperlTnental Clinical feedback within 1'00 Jo accuracy in basic parameters; Adherenc.e to advanced
USA evaluation; 360 ChatGPT-4 . . integral feedback at 78%; delayed =~ pedagogical rules was
2025 (25) . } driving simulation . )
simulations feedback at 55%. inconsistent.

. ' Virtual patient GPT- . He.ldentlﬁed strengths and. areas for The design ?f Prompts
Weisman et USA Multiphase 4 for abnormal Written feedback on improvement, but occasionally and the rubric influence
al., 2025 (26) development study communication/SPIKES misclassified adherence to the the quality of the

mammogram
protocol. feedback.
High usabilit ted; plausibl Strength i lability;
Laverde et al., Colombia/ Chatbot development LLM agents for Real-time feedback and 167 usablity rePor ed, platisibie reng . tn scatablitys
X . ) responses and flexible asynchronous requires external
2025 (27) Luxembourg and evaluation anamnesis repeatable practice . o
practice. performance validation.
Suarez-Garci Perf i d 36.7 points; 09 ,
HarezTuarda . GPT-40, 10 virtual Automatic feedback in eriormance merease points; 0% Strong transfer signal,
etal., 2025 Mexico Pre-post; 30 students . to 70% high performance; post-test
scenarios natural language . . . but no control group.
(28) with standardized human patients.
The £
Mixed methods; 18 . . . . o e ¢ e.edback was
Jacobs et al., . . . Virtual patient with . High motivation, usability and appreciated, but the
United Kingdom participants (15 . Immediate feedback . . .
LLM and voice psychological safety; moderate loyalty. realism did not match

2025 (29)

students)

the human patient.
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8
L One of the most robust
Luo et al Digital patient with Improvement of 10.50 points in designs; specialized
7 China ECA; n=84 gita p . Adaptive feedback anamnesis compared to the traditional ghs: Spect
2025 (30) LLM and voice context in
method; greater empathy.
ophthalmology.
. GPT-4, 7 virtual ‘ . . .G.reater appre.C1at.10r1 of Predominantly
Byun et al., Perception study; . . Immediate reflective specificity/personalization and self- perceptual results;
Korea patients + virtual . . . . . N
2026 (31) n=21 dialogue + written report efficacy compared to conventional requires objective
evaluator 1
methods. validation.
Favorable association
Borg et al., Sweden Quasi-experimental;  Robotic virtual ~Automated post-consultation OSCE: 7.39 vs 6.68; difference 0.70; with independent
2026 (32) n=115 patient + Al feedback d=0.74; passed 96.7% vs 79.6%. performance; not all
subscales improved.
Sindhvananda ' Pre-post mixed Alsimulated Automatic rubric-based OSCE +22.5 p01‘r1ts (d=1.93); (?RI-HT Large eff.ects, but small
et al., 2026 Thailand . +8.8 (d=1.81); dialogue perceived as sample size and lack of
methods; n=25 patient for headache feedback ?
(33) robotic. parallel control.
Prospective pilot; 43 _ . . . No clear improvement in volunteers;  Exploratory results;
Chan et al,, . Virtual patient with . . . )
Australia volunteers + 8 ) Immediate feedback remediation subgroup improved OSCE potential for greater
2026 (34) .. Al 9 emergencies ey i
remediation 37 to 67 (p=0.03). utility in specific needs.
Direct experimental
Feedback :3.60 vs 3.02 in CRI- id f
Briigge et al., Double-blind RCTs;  LLM patient; 4 Structured feedback eedback group \ n evidence ot an
Germany . HTI at the end; F(1,18)=4.44; p=0.049;  additional feedback
2024 (18) 21 students medical records generated by LLM )
n?p=0.198. effect, but small sample
size.
. . ChatGPT as a . , It differentiated poor consultations Lt shows sen51t1Y1ty . to
Multimetric . Consultation scoring and prompt and an initial
Wang et al,, . . . standardized . from moderate/good ones; prompt
China evaluation; multiple . feedback according to . . . tendency to overscore;
2025 (19) ; patient and o engineering reduced score deviation .
runs per scenario criteria - useful for studying
evaluator and variability. . 1
scoring validity.
. . High acceptance and perceived - o s
lated patient P feasibility;
Snedegar et Pilot; 10 student Simulated patien Post-meeting feedback and alignment with observable behaviors; TOmISIng feasibitys
USA . encounter + Al L very small n and mainly
al., 2026 (20) evaluations . L. SMART goals more contextualization and examples
ambient listening perceptual outcomes.
were requested.
Nolan and USA Validation; 12 SP encounter

Scoring + narrative feedback Anamnesis: k=0.84-0.89; ICC=0.93-0.97.

High agreement on
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Burke, 2026
(21)

transcripts
standardized evaluated by
meetings ChatGPT-40 and
Gemini

Presentation: k=0.62-0.72; ICC=0.61-
0.83.

structured elements and
lower agreement on
complex components;
small sample size.
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Table 3. Critical assessment by domains of the 17 included primary studies. “Interpretive weight”

guides the narrative synthesis and does not constitute a formal certainty score.

Stud Design/ Independent Reproducibility/ Interpretive
y comparator outcome Tracking weight
Maicher 2019 Validation with a Repetition by .
No category; no Intermediate
(22) human referent ;
tracking
Holderried 2024  Prospective with Multl‘ple .
No conversations; no Intermediate
(23) human evaluator
follow-up
Yamamoto 2024 Non-
(24) randomized; Yes, OSCE Short follow-up Intermediate
historical control
E i 1 imulations;
Scherr 2025 (25) xper1me;nta No 360 simu ajaons, Intermediate
evaluation no tracking
Repeated
Weisman 2025 Multiphase executions; Exploratory-
No . . .
(26) development without follow- intermediate
up
Laverde 2025 de[iglf)onr:ecz)rllltjjva No Limited external Exolorator
(27) - validation p y
luation
, , Yes, .
Suarez-Garcia Uncontrolled . Immediate .
standardized Intermediate
2025 (28) pre-post _ follow-up
patient
Jacobs 2025 (29) Mixed methods; No Percel?tual Exploratory
small sample predominance
ECA with
Luo 2025 (30) CA wit Partial Short follow-up Elderly
comparator
Perceptions;
Byun 2026 (31) small n No No follow-up Exploratory
— I . I .
Borg 2026 (32) Ql%am Yes, OSCE mmediate nterm?dlate
experimental follow-up senior
Sindhvananda Pre-post; mixed Small sample; no .
Y E Int t
2026 (33) methods es, OSC control ntermediate
Chan 2026 (34)  Prospective pilot Yes, OSCE Small subgroup .Explorat(?ry-
intermediate
. Double-blind No/structured
Briigge 2024 (18) RCTs; small n measure Short follow-up Elderly
Wang 2025 (19) Multl-.exe(.:utlon Benchmfark of  Yes; sensitivity to Intermediate
validation quality prompt
Snedegar 2026 _ Perceptual
lot; n= 1
(20) Pilot; n=10 No Outcomes Exploratory
Nolan and Burke  Validation with Two LLMs; n=12 .
No . Intermediate
2026 (21) evaluators meetings
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3.3. Validity, consistency and quality of automated feedback

Validation studies show that overall quality can be high for structured tasks, but not uniform.
Wang et al. (19) showed that ChatGPT could differentiate poor from moderate/good performance
and that prompt engineering markedly reduced score deviation, although the model initially
tended to overscore low-quality consultations. Nolan and Burke (21), evaluating transcripts of 12
encounters with standardized patients, observed high agreement for history items (x=0.84-0.89;
ICC=0.93-0.97) and lower agreement for clinical presentation components (k=0.62-0.72; ICC=0.61-
0.83). Among previous studies, Maicher et al. (22) reported automated accuracy of 87%, close to
human accuracy (90%), while Holderried et al. (23) found medically plausible answers in more than
99% and near-perfect overall agreement with a human evaluator (1=0.832), although eight of 45
categories had « less than 0.6. Overall, the overall agreement does not exclude relevant failures by
domain.

The problems are not limited to factual accuracy. Scherr et al. (25), running 360 clinical
management simulations, found medical accuracy in basic parameters, but only 78% of the
simulations provided comprehensive feedback and 55% adhered to the delayed feedback condition.
Weisman et al. (26) described errors in judging adherence to the SPIKES protocol and variability
when the same text was assessed in repeated runs. Wang et al. (19) also identified initially
excessively high scores and responses that incorporated unsolicited information. These findings
suggest that feedback validity should be analyzed by domain, rubric, model version, and intended
use, and not inferred from linguistic fluency.

Among the primary studies included, patterns of overscoring, omission of weaknesses, and
variability between performances were observed, particularly in Wang et al. (19), Weisman et al.
(26), and Nolan and Burke (21). These findings do not amount to a demonstration of general
invalidity; they indicate that agreement should be interpreted by domain and that a linguistically
plausible output alone does not constitute sufficient evidence for a given evaluative use.

3.4. Educational outcomes and student experience

Most studies that included students reported a favorable experience in terms of availability,
psychological safety, personalization, and perceived usefulness. Snedegar et al. (20), in a pilot study
with simulated encounters recorded using ambient listening, found that participants perceived
feedback as linked to observable behaviors and useful for generating improvement goals, although
they requested more contextualization and more specific examples. Jacobs et al. (29) observed high
motivation, usability, and psychological safety, despite moderate fidelity from the virtual patient,
and Byun et al. (31) found that students valued the virtual evaluator's feedback as specific and
personalized. These perceptions are relevant to acceptability but do not replace objective measures
of learning.

Studies using objective measures show favorable signs, although with heterogeneous designs.
Briigge et al. (18), in a randomized trial of 21 students, found that the group receiving LLM-
generated feedback after four simulations showed greater improvement in clinical decision-making
performance than the group with simulation but no feedback (partial 1?=0.198), with benefits in
context creation and information assurance. Yamamoto et al. (24) reported a significant difference in
the preclinical OSCE interview in favor of the group trained with Al-simulated patients. Luo et al.
(30) found a 10.50-point improvement in ophthalmological history taking in a randomized trial
compared to traditional methods. Sindhvananda et al. (33) observed pre-post increases in OSCE and
clinical reasoning after practicing headaches with rubric-based feedback. In contrast, Chan et al. (34)
did not identify a clear improvement in the volunteer group, although the small remediation
subgroup showed a favorable change.
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Borg et al. (32) and Yamamoto et al. (24) assessed performance using standardized stations
external to the agent. Sindhvananda et al. (33) used OSCE and clinical reasoning, and Chan et al.
(34) explored OSCE-like performance following virtual patient training. However, no localized
study demonstrated sustained transfer to clinical outcomes with real patients or long-term
retention. This gap limits the strength of any claims about clinical competence beyond the
immediate educational setting.

3.5. Transfer to independent evaluations

The most demanding criterion is whether the improvement resulting from Al feedback
subsequently appears in an independent evaluation of the tool itself. At least five studies used
OSCE, standardized human patients, or another external evaluation as the outcome (24, 28, 32-34).
Sudrez-Garcia et al. (28), for example, used standardized human patients in the post-test after
virtual training, while Borg et al. (32) evaluated using an independent OSCE with a standardized
patient and a blinded evaluator. These transfer signals are more informative than the scores
generated by the system training the student, although they remain focused on immediate or short-
term results.

Borg et al. (32) and Yamamoto et al. (24) also assessed performance using standardized stations
external to the agent. Sindhvananda et al. (33) used pre-post OSCE, while Chan et al. (34) explored
performance in an OSCE preparation program. These studies bring the evidence closer to
educational transfer, but the time horizon remains short. No studies were identified that
demonstrated retention over several months, consistent transfer to real-life patient encounters, or
effects on safety/quality of care.

Table 4. Synthesis of the strength and gaps of evidence by domain.

Interpretation for

Domain Evidence sign Recurring limitation .
practice
High agreement on Variation by domain,
structured tasks and overscoring, unequal . .
sensitivity to prompt ' S eciﬁcgt am(fll Validate by rubric and
ivi i
Accuracy/concordance . .ty promp pecticlty by domain before using
engineering (19,21-23).  variability between
the system.
performances
(19,21,23,26,35).
Acceptability and
erceived usefulness in
P _ Moderate fidelity; _
several studies, . Useful for formative
) . ) perceived feedback . ..
Student experience including feedback . practice, not sufficient
does not equal valid )
after recorded to infer competence.
. feedback.
simulated encounters
(20,29,31).
Improvements in Heterogeneous
reasoning, anamnesis, designs, comparators, .
.. Promising as a
. communication or and scales; small
Educational . . . complement; does not
OSCE in RCTs, sample sizes in several . .
performance . _ allow estimating an
controlled studies and studies.
aggregate effect.
pre-post

(18,24,28,30,32-33).
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OSCE or independent Prioritize external and
. . Short follow-up; no L
standardized patients _ longitudinal
Transfer . results with real o
in a subset (24,28,32- . evaluations in future
patients. .
34). studies.
Maintain human
No robust evidence Stability problems, .. .
. . s . L. supervision and avoid
summative use was identified for high- omissions, and
. - . autonomous
impact decisions. contextual judgment. e
certification.

Continuo de evidencia para la retroalimentacion automatizada por IA

Validez del feedback

Concordancia con expertos, exactitud y consistencia

v

Experiencia del estudiante

Usabilidad, seguridad psicoldgica y utilidad percibida

v

Desempeno simulado

Anamnesis, comunicacién y razonamiento en el entomo

v

Evaluacion independiente

OSCE o paciente estandarizado fuera del agente de A

W

Practica clinica real

Retencian longitudinal y resultades con
pacientes reales

La densidad de evidencia disminuye al pasar de la validacién del feedback a la transferencia clinica real.

Figura 2. Continuo de madurez de la evidencia sobre retroalimentacion automatizada
mediante IA. Nota: el esquema representa una sintesis conceptual de los hallazgos. No

implica que los dominios sean mutuamente excluyentes.

3.5. Triangulation with recent multibase syntheses

Triangulation with reviews published between 2024 and September 2026 showed general
agreement with the patterns observed in the 17 primary studies: predominance of history-taking
and communication, favorable early results, high heterogeneity, poor standardization of outcomes,
and limited evidence of longitudinal transfer (14-17). The incorporation of searches in ERIC and
OpenAlex allowed the identification of additional studies not present in the previous focal
synthesis, reinforcing the usefulness of a multi-source strategy for a field that is published in

biomedical, educational, and technological journals.
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3.6. Contextualization Literature

Secondary reviews and other works not included among the 17 primary studies were used
only to contextualize the findings and not to estimate the results of the primary synthesis. These
sources inform the pedagogical framework, the evolution of the field, and issues of ethics,
governance, implementation, and technological obsolescence (14-17, 35-47, 51-54).

4. Discussion

4.1. Main findings

The studies reviewed reveal a central tension: Al-driven automated feedback can expand
learning opportunities and, in certain designs, be associated with objective improvements; however,
evidence of validity and effectiveness is task-dependent. Briigge et al. (18) and Borg et al. (32)
provide experimental or quasi-experimental signals of benefit, while Wang et al. (19), Holderried et
al. (23), Weisman et al. (26), and Nolan and Burke (21) show that evaluative performance varies by
domain, prompt, rubric, and behavioral complexity. Therefore, the most consistent finding is not
general equivalence with experts, but rather potentially high utility in structured and well-defined
tasks. The literature published after the search by Bonilla Mejia et al. (2) reinforces the importance
of feedback as a specific subfield. The new studies not only describe virtual patients, but also
progressively separate three questions: whether the Al adequately represents the patient, whether it
consistently assesses performance, and whether feedback modifies an independent outcome.
Briigge et al. (18), Snedegar et al. (20), Borg et al. (32), Sindhvananda et al. (33), and Nolan and
Burke (21) illustrate this transition from feasibility to validation and educational outcomes,
although the transfer to real clinical practice remains unresolved.

4.2. From generative feedback to pedagogically useful feedback

The quality of feedback does not depend solely on its personalization. Frameworks introduced
earlier help explain why some systems produce useful results in structured tasks but are less
consistent in complex competencies. Deliberate practice requires clear objectives, repeated
execution, and specific feedback that allows for error correction (8). Al can reduce the time between
performance and feedback and facilitate multiple attempts, but these operational advantages do not
automatically translate into educational improvement if the information is imprecise, difficult to
prioritize, or does not lead to a new opportunity for practice. The findings of Holderried et al. (23),
Wang et al. (19), and Weisman et al. (26) illustrate why explicit rubrics and prompt control can act
as calibration mechanisms. When the system must decide whether a specific behavior occurred,
agreement can be high; when judgment requires integrating tone, context, empathy, or clinical
priorities, consistency decreases. Technical calibration, therefore, should be considered a condition
for interpreting feedback and not a guarantee of complete educational validity. Cognitive load
theory provides a second interpretive lens. Immediate feedback can facilitate learning, but lengthy,
non-prioritized, or contradictory feedback can increase extrinsic load. Cognitive load frameworks in
medical education and simulation recommend adjusting complexity and support to the learner's
level (9,10). The included studies did not sufficiently compare different doses or formats of
generative feedback; therefore, limiting and prioritizing recommendations should be understood as
a reasonable pedagogical hypothesis that requires specific experimental evaluation.

4.3. Transfer should be the maturity criterion

A significant gap in the localized studies is the limited evidence of transfer. Previous reviews
on virtual patients have shown that outcomes are usually concentrated on knowledge, immediate
skills, or perception (36,37). In the localized evidence, some studies are moving toward OSCE or
independent standardized patients (24,28,32-34), but follow-up remains short. The lack of
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longitudinal results with real patients prevents us from assuming that an improvement during
simulation or standardized assessment will be maintained subsequently in clinical practice.

However, even an immediate OSCE remains an intermediate outcome. From a situated
learning perspective, clinical competence emerges from the interaction between person, task, and
context (38). Therefore, performance in a digital environment should not be assumed to be
equivalent to sustained performance with real patients. Future studies could strengthen this
inference through longitudinal follow-up, independent observer assessment, and supervised
clinical outcomes when methodologically and ethically appropriate.

4.4. Implementation, costs and equity

Scalability is one of the most frequently cited reasons for automating feedback. Conversational
agents and transcription systems can multiply practice opportunities and reduce some of the
reliance on teacher observation. However, focus group studies have rarely incorporated
comparative economic analyses. The literature on simulation costs shows that sustainability
depends on infrastructure, licensing, maintenance, case development, and teacher time, in addition
to the price of the technology (39). Therefore, the reviewed evidence allows us to consider
scalability as a plausible operational hypothesis, not as proven cost-effectiveness. In institutions
with limited resources, text-based systems might require less infrastructure than complex
immersive experiences, but this possibility depends on connectivity, licensing, language
availability, and local support. Equity should be considered as a domain to be evaluated, not as an
assumed benefit. Localized studies provide little comparative evidence on feedback performance
across linguistic, cultural, or socioeconomic groups.

4.5. Ethics, governance and use in evaluation

The use of Al for academic feedback raises issues of privacy, bias, opacity, and accountability.
Masters (40) has proposed principles of transparency, human oversight, data protection, and
attention to bias in health professions education. In this review, these principles are used as an
interpretive framework for risk assessment, not as recommendations causally derived from the
included studies. The strength of the safeguards should be related to the intended use: a system for
low-impact formative practice places different demands on one used for progression or certification
decisions. The evidence found is more compatible with formative use than with autonomous
replacement of human assessment. This interpretation is supported by the observed concordance
limitations and by the principles of validity and programmatic evaluation: a single data point may
be useful for guiding learning, while high-impact decisions require a broader evidence base and
multiple sources of information (11-13). Consequently, the review does not formulate a normative
prohibition of summative use; it notes that the studies found do not yet provide sufficient evidence
to justify high-impact decisions based solely on automated output.

4.6. Pedagogical quality, validity and calibration of use

The literature on feedback provides pedagogical criteria for interpreting Al-generated outputs.
Hattie and Timperley noted that the effect of feedback depends on its content, level, and delivery
method, while van de Ridder et al. defined it in clinical education as specific information that
compares observed performance with a standard with the intention of improving it (6,7). In
simulation, structured debriefing can transform the experience into learning (41,42). These
frameworks, incorporated from the introduction, allow us to distinguish three questions that
should not be confused: whether the generated text is correct, whether the feedback is
pedagogically actionable, and whether the judgment is valid for the proposed evaluative use.
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From an evaluation perspective, the usefulness of an automated system depends on the
intended use of its judgments. The Ottawa criteria include validity or consistency, reproducibility,
equivalence, feasibility, educational effect, and acceptability (11). Kane's argumentative approach
emphasizes that it is the interpretation and use of an outcome that is validated, not the score in the
abstract (12). Programmatic evaluation adds that progression decisions are strengthened by
integrating multiple points of information and expert judgment (13). Consequently, agreement with
a human evaluator is a source of validity evidence, but it does not exhaust the justification
necessary for summative uses.

Table 4. Operational risks of automated feedback and suggested safeguards.

. Observed/possible e 1 Basis of the
Risk . P . Safeguard Audit indicator
manifestation safeguard
Onmissions, factual .. . .
) Explicit rubric + % agreement with .
errors, over-scoring or 1 . Empirical +
Inaccurate feedback | ) validation with teachers human evaluators by .
incorrect judgment of before tse catecor prudential
adherence (19,26,35). ' 501y
Different evaluations of =~ Model versioning, -
Coefficient of .
N the same text or temperature control .. ... Empirical +
Variability ) _ agreement/reproducibili ,
repeated executions where possible, and ) technical
e , ty in anchor cases.
(19,26,35). repeatability testing.
Underestimation of .
Instructions for
relevant errors or . s . o .
. L identifying strengths =~ Proportion of critical Empirical +
Excessive positivity =~ weaknesses; tendency to . . .
. ) and gaps; scaling errors omitted. prudential
high scores without
; . thresholds.
strict criteria (19,35).
Potential penalty for Testing with diverse = Systematic differences Prudential/
Communication bias different groups and equity by subgroups or othical
linguistic/cultural styles. review. linguistic variant.
Uploadin
P . & Data minimization, Incidents, policy .
. conversations or o . Prudential/
Privacy . institutional agreements, compliance, and data .
sensitive data to external . e ethical
. and approved platforms. processing traceability.
services.
. .. Human supervision and .
. Academic decisions T Sup % of summative .
Premature summative ) independent .. . Prudential/
based on an unvalidated . . . decisions confirmed by .
use confirmation for high validity
output. human evaluator.

impact.
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Salvaguardas derivadas de la evidencia para usar feedback automatizado en

1. Rubrica explicita 2. Feedback de IA 3.|Accion del estudiarfte 4. Reevaluacion
- - -
Criterios observables y Especifico, accionable vy Reflexion, correccion y Nuevo caso, OSCE o
competencia definida referido a la interaccion préactica deliberada paciente estandarizado

\/

Supervision docente y auditoria periédica
Exactitud, sesgo, estabilidad, privacidad y seguridad

Figura 3. Salvaguardas derivadas de la evidencia para integrar
retroalimentacion automatizada en simulacién clinica. La figura sintetiza
principios de uso formativo derivados de los estudios revisados y de
marcos de practica deliberada, carga cognitiva y gobernanza ética; no
representa un instrumento validado.

This interpretation aligns with contemporary syntheses. Feigerlova et al. found heterogeneous
evidence on the educational outcomes of Al interventions and limited assessment of transfer to the
clinical setting (43). A scope-specific review of LLM-generated feedback at the undergraduate level
identified a predominance of intermediate results and variable accuracy (44). Furthermore, recent
reviews of Al-assisted virtual patients converge on the finding that potential benefits are
concentrated in structured practice, interviewing, communication, and reasoning, while
uncertainties persist regarding authenticity, standardization of outcomes, and transferability (14-
17). Additional experimental studies show that ChatGPT feedback can approximate expert feedback
in some tasks, but not uniformly, and that simple warnings about errors do not necessarily modify
student behavior (45-47).

4.7. Limitations of the review

This review has significant limitations. First, although the identification included
PubMed/MEDLINE, ERIC, and OpenAlex, and coverage was compared with multi-database
reviews, a direct systematic search of all subscription databases was not performed; the risk of
omission remains. Second, the historical search log did not retain a complete exportable count by
source, duplicates, and exclusions, making it impossible to retrospectively reconstruct an auditable
quantitative flow without introducing unverifiable figures. Third, although the initial selection and
extraction were performed by the lead author and verified by a second author, the process did not
amount to independent, duplicate screening from the identification stage. Fourth, the heterogeneity
of expertise, designs, and metrics precluded a quantitative synthesis. Finally, rapid technological
obsolescence limits the temporal portability of the findings: performance may depend on the
specific model version, vendor changes, prompts, inference parameters, and post-publication
updates. Consequently, results obtained with one specific version should not be automatically
extrapolated to future versions or other systems.
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For these reasons, the manuscript should be interpreted as a multi-source integrative critical
review and not as a comprehensive assessment of the state of the evidence. Its conclusions are
limited to patterns observed in the identified studies and compared with recent syntheses. A future
systematic review of effectiveness should incorporate direct searches of multiple subscription
databases, pre-protocol testing, independent duplicate screening, and, where sufficient
homogeneity exists, meta-analysis. It would also be useful to agree on a minimum set of outcomes
that includes accuracy by experts, reproducibility, change in performance, transferability to
independent assessment, retention, cognitive load, equity, and costs.

5. Conclusions

* Among the 17 studies located, favorable results were observed in some structured training
and clinical tasks, but the magnitude and consistency of those results varied according to
design, domain and comparator.

* Performance was not uniform. Overscoring, specificity errors, omissions, variability
between runs, and lower agreement in complex domains were described; therefore,
linguistic fluency and evaluative validity should not be considered equivalent.

¢ The most interpretive evidence comes from randomized trials and studies with OSCE or
independent standardized patients; however, the samples are usually small or moderate,
the follow-up is short, and there is insufficient evidence on retention or performance with
real patients.

¢ The frameworks of feedback, deliberate practice, cognitive load, validity, and
programmatic evaluation help explain why the usefulness of Al depends on the task and its
intended use. Current evidence more clearly supports formative applications than high-
impact, autonomous, summative decisions.
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7. Annex

Annex 1. Reproducible search strategies used in the integrative multi-source critical review

PubMed/MEDLINE (updated September 3, 2026): (("medical student"[Title/Abstract] OR
"medical students"[Title/Abstract] OR "medical education"[Title/Abstract]) AND ("virtual
patient"[Title/Abstract] OR "simulated patient"[Title/Abstract] OR "standardized
patient"[Title/Abstract] OR "clinical simulation"[Title/Abstract] OR simulation[Title/Abstract]) AND
("artificial intelligence"[Title/Abstract] OR "generative AI"[Title/Abstract] OR GPT[Title/Abstract]
OR 'large language model"[Title/Abstract]) AND (feedback|[Title/Abstract] OR "automated
assessment"[Title/Abstract] OR scoring[Title/Abstract] OR evaluation[Title/Abstract])).

ERIC (updated September 3, 2026): ("medical students” OR "medical education") AND ("virtual
patient” OR "simulated patient” OR "standardized patient" OR "clinical simulation") AND ("artificial
intelligence” OR '"large language model" OR GPT OR "generative AI') AND (feedback OR
assessment OR scoring OR evaluation). The search was performed on the bibliographic fields
available in the interface, without a full-text filter. OpenAlex (updated September 3, 2026): search by
terms in title/abstract/concepts using combinations of "Al-generated feedback”, "automated
feedback", "medical education", "virtual patient", "standardized patient", "clinical simulation", "large
language model", GPT, assessment, and scoring; results were verified by title and DOI, and
backward and forward citation relationships were tracked. Publications in English or Spanish were
considered, and no full-text availability filter was applied. The procedure was complemented by
reference tracing and comparison with recent multi-base reviews (14-17).



