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Abstract

Artificial intelligence is integrated into healthcare simulation to deliver individualized feedback and support reflective learning.
Educational evaluations include procedural coaching, virtual patient encounters, and facilitator development. This review examined
educational effectiveness while distinguishing observed performance from perceived competence and feedback feasibility. Original
research published to May 2026 evaluating artificial intelligence enabled feedback or debriefing in healthcare simulation was reviewed.
Comparative educational studies and complementary feedback validation or feasibility investigations were synthesized narratively.
Outcomes included technical performance, clinical reasoning, communication, perceived competence, cognitive workload, and
debriefing utility. Ten original reports comprised seven randomized trials and three prospective, pilot, or qualitative investigations.
Surgical trials show improvements in selected performance measures, with benefits dependent on feedback timing, instructional
design, and human participation. Personalized expert instruction informed by artificial intelligence exceeded artificial intelligence
tutoring alone in practice and transfer tasks. Virtual patient feedback improved clinical reasoning in a small trial, while nursing
simulations demonstrated gains in communication and perceived competence. Artificial intelligence enabled feedback offers benefits
for simulation outcomes. Data for autonomous team debriefing is less developed than data for individualized coaching. Integration with
educators, independent assessment, and longitudinal evaluation provides the strongest direction for educational implementation.
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Introduction

Simulation based education provides structured
opportunities to develop clinical knowledge,
procedural skills, and professional performance
within controlled learning environments (1). A large
systematic review show improvements in multiple
educational outcomes when technology enhanced
simulation was compared with no intervention,
establishing a foundation for its use in healthcare
training (1). The educational value of simulation
depends on instructional design rather than
technological sophistication alone, with feedback,
repetitive practice, curriculum integration, and
explicit learning objectives identified as important
features of effective programs (2). Deliberate
practice extends this approach through repeated
task performance, focused correction, and
progressive  improvement against  defined
standards, with comparative data supporting gains
in clinical skill acquisition over traditional education

(3).

Debriefing connects simulated experience with
reflection by examining actions, decisions, and the
reasoning underlying performance, It differs from
isolated corrective feedback through its emphasis
on shared interpretation, learner perspectives, and
the application of lessons to future practice (4). A
systematic review of technology enhanced
simulation found favorable educational outcomes
for simulation incorporating debriefing against no
intervention, alongside variable findings across
particular debriefing formats and design features

(5).

Artificial intelligence introduces methods for
analyzing performance data and translating
identified errors into individualized instructional
guidance. The Virtual Operative Assistant
established an explainable framework linking
machine learning assessment to educational
feedback during simulated neurosurgical training
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(6). Subsequent development of the Intelligent
Continuous Expertise Monitoring System extended
assessment to brief time intervals and incorporated
coaching and risk detection using deep neural
networks (7).

The emergence of automated instructional systems
raises a specific educational question concerning
the relationship between accurate assessment and
effective learning (6,7). A tool that recognizes
expertise or identifies errors still requires
evaluation of its influence on subsequent
performance, retention, and the transfer of skills to
different tasks (3,7). Original articles analysis
requires attention to the instructional intervention,
comparator, measurement  approach, and
educational context rather than grouping all
artificial intelligence applications as equivalent
(2,5). This review examined original research on
artificial intelligence enabled automated feedback
and debriefing in simulation based healthcare
education, prioritizing measured educational
effectiveness and interpreting feedback validity,
acceptability, and implementation findings as
complementary data  within an  explicitly
differentiated framework for informing educational
practice and future evaluation.

Methods

This review was structured according to the
Preferred Reporting Items for Systematic Reviews
and Meta Analyses 2020 framework (Fig 1). The
review question addressed healthcare learners and
educators undertaking simulation, Al enabled
feedback or debriefing, relevant educational
comparators, and educational outcomes. Eligibility
encompassed original quantitative, qualitative, and
mixed methods research published in English from
database inception through 31 May 2026.
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PubMed, Scopus, Web of Science Core Collection,
and the Cochrane Central Register of Controlled
Trials were searched. Search concepts combined

artificial intelligence, machine learning, deep
learning, large language models, intelligent
tutoring, automated feedback, debriefing,

simulation, virtual patients, medical education,
nursing education, and health professions
education. Database specific syntax and controlled
vocabulary were applied where available, and
reference lists of relevant publications were
examined for additional records. Duplicate records
were removed before screening.

Two authors screened titles and abstracts against
the eligibility criteria, and evaluated relevant full
texts, recorded exclusion reasons, and resolved
disagreements through discussion. Studies were
eligible when artificial intelligence generated,
selected, or informed feedback following learner
performance, supported debriefing, or evaluated
the educational validity or feasibility of such
feedback.

Two authors independently extracted study design,
setting, participant characteristics, sample size,
simulation modality, artificial intelligence system,
feedback timing, comparator, outcomes, and
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numerical findings using a standardized form.
Randomized effectiveness studies were
distinguished from observational validation and
feasibility investigations. Secondary reports from
existing cohorts were linked to their primary
publications to avoid duplicate representation.
Observed technical performance, clinical reasoning,
and communication were prioritized, while
perceived competence, satisfaction, workload,
feedback agreement, and implementation
experiences were treated as secondary outcomes.

Two authors independently appraised randomized
trials using the revised Cochrane risk of bias tool,
with attention to randomization, deviations,
missing data, outcome measurement, and selective

reporting. Observational and qualitative
investigations were assessed using design
appropriate critical appraisal criteria, and
disagreements were resolved by consensus.

Findings were organized by procedural coaching,
virtual patient feedback, and debriefing support.
Narrative synthesis considered outcome direction,
effect estimates, confidence intervals, comparator
intensity, and assessment independence. Statistical
pooling was not undertaken because interventions,
measurement instruments, and educational
contexts differed substantially.
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Identification of studies via databases and registers

D

Records removed before screening:
Duplicate records removed
(n = 26)
Records marked as ineligible by
automation tools (n = 13)
Records removed for other reasons (n
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Figure 1: PRISMA flow chart
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Results

Ten original reports comprised seven randomized
trials and three investigations of feedback validity,
feasibility, or user experience (8-17). Four trials
examined simulated neurosurgical training, while
three evaluated medical history taking or nursing
simulation outcomes (8-12,14,15). The remaining
studies assessed automated history feedback,
facilitator feedback, and teamwork reports,
providing complementary process data rather than
comparative learning effects (13,16,17) (Table 1).

In the seventy student trial by Fazlollahi et al., the
Virtual Operative Assistant improved practice
expertise scores against remote expert instruction
by 0.66 points, with a 95% confidence interval of
0.55-0.77. Scores during a more realistic simulated
resection also favored artificial intelligence tutoring,
supporting transfer within the simulation
environment (8). Yilmaz et al. analyzed ninety-seven
learners and found better final practice composite
scores with real time artificial intelligence feedback
than with in person instruction, alongside similar
overall expert rated technical scores between those
groups. The realistic task composite outcome did
not differ significantly, illustrating variation across
performance measures (9).

In Giglio et al., eighty-eight students were
randomized and eighty-seven were analyzed, with
personalized expert instruction informed by
artificial intelligence outperforming intelligent
tutoring alone. The mean difference was 0.26 points
during practice trial five and 0.20 during the realistic
transfer task (10). A separate twenty-five student
crossover trial show a sequence effect: expert
instruction followed by artificial intelligence
produced greater improvement than the reverse
sequence, with a reported mean difference of 0.67
points (11). These findings supported integrated
instruction  without  establishing  universal
superiority of autonomous tutoring (10,11).
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Briigge et al. analyzed twenty one medical students
practicing histories with simulated patients and
found higher final clinical reasoning scores with
structured artificial intelligence feedback than
without feedback. Final scores were 3.60 versus
3.02, with a group by time effect reaching statistical
significance and partial eta squared of 0.198 (12).
Holderried et al. evaluated one hundred six
simulated conversations and reported strong
agreement between automated and human
feedback, with Cohen’s kappa of 0.832. This
agreement established feedback classification
validity within the tested setting, without
demonstrating improvement in subsequent learner
performance (13).

Fung et al. enrolled forty-four nursing students and
reported greater initial improvement in perceived
competence after generative artificial intelligence
patient simulation than after immersive video
simulation. Both interventions incorporated
facilitator debriefing, and the artificial intelligence
condition additionally provided individualized
automated feedback (14). Dai et al. studied sixty-
five nursing students and reported gains of 3.38
communication points and 3.91 percentage points
in decision accuracy, together with shorter task
completion time (15).

Vaughn et al. evaluated a retrieval augmented
feedback chatbot with six facilitators, establishing
feasibility through a posttest usability design (16).
Tscholl et al. examined twenty six teamwork reports
and twenty seven learner interviews, identifying
useful observations alongside categorization and
speaker attribution errors. Learners did not receive
the generated reports, precluding interpretation as
a learner debriefing effectiveness trial (17). Across
the data set, outcome heterogeneity and limited
follow up restricted conclusions about sustained
competence and workplace transfer, without
establishing effects on patient outcomes (8-17)
(Table 2).
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Table 1. Characteristics of the included studies

Study Design and sample Setting Feedback and comparator
Fazlollahi et al.,Randomized trial; 70 medical . VOA feedback versus remote expert instruction or
Canada; neurosurgical VR .

2022 students practice (8)

;Ll)?jz et al, Randomized trial; 97 analyzed |Canada; neurosurgical VR fR::(;;;Tke(gl)CEMS versus expert instruction or posttask

Giglio et al.|Randomized trial; 88Canada' neurosureical VR Al informed personalized expert instruction versus Al or

2025 randomized, 87 analyzed ! & scripted instruction (10)

Yilmaz et al, . . . .

h025 Crossover trial; 25 students  |Canada; neurosurgical VR [Expert then Al instruction versus reverse sequence (11)

Briigge et al., . . . .. . |ChatGPT feedback versus identical patient simulation
R trial; 21 I G ; virtual hist

5024 andomized trial; 21 analyzed [Germany; virtual histories without feedback (12)

Holderried et al
2024

Prospective validation; 106

conversations

*

Germany; virtual histories

GPT-4 feedback compared with human ratings (13)

Fung et al. 2025 Crossover trial; 44 nursinglnternational GenAl patient simulation with additional feedback versus
& v students undergraduate program |360° VR; both received facilitator debriefing (14)

Dai et al., 2026 S’:S;Zi\;ser trial; 65 nurSIngChina; VR OSCEs ChatGPT immediate feedback versus VR alone (15)

Vaughn et al., Posttest pilot: six facilitators United States; facilitator[SIM-U retrieval augmented debriefing feedback; no

2025 priot; development effectiveness comparator (16)

Tscholl et al.,|Qualitative study; 41Switzerland; team|Al teamwork reports assessed by experts; learners did not

2026 participants, four reviewers [simulation receive reports (17)

Table 2. Educational findings and interpretation

Study

Principal finding

Educational interpretation

Fazlollahi et al.

Practice expertise difference versus expert: 0.66; 95% Cl
0.77

0.55—Benefit versus remote instruction on the tested

simulator (8)

Yilmaz et al,,
2024

Final practice difference versus expert: 0.332; 95% C1 0.173-0.491

Overall OSATS similar between Al and expert
groups (9)

Giglio et al.

Personalized expert versus Al: practice difference 0.26; transfer

difference 0.20

Human interpretation of Al data improved learning
(10)

Yilmaz et al,,
2025

Expert then Al sequence advantage: 0.67; 95% Cl 0.43-0.91

Instructional order influenced effectiveness (11)

categorization errors

| - - -
Briigge et al.  [Final CRI-HTI: feedback 3.60 versus control 3.02; p=0.049 r.nprovemer.\t |.n observed reasoning  during
simulated histories (12)
Hol i F k validi ;| i i
olderried etAutomated versus human feedback agreement: k=0.832 eedback validity demonstrated; learning gain not
al. tested (13)
If- ; i li
Fungetal. |[nitial adjusted CCQ difference: 16.59; 95% Cl 2.77-30.41 pelf-reported competence; combined modality and
feedback intervention (14)
Dai et al. Communlcatlon.+3.3.8 points; de?lsmn accuracy +3.91 percentage Immediate simulation performance improved (15)
points; completion time -0.78 minutes
Feasible feedback chatbot evaluated through facilitator usabilitySupports implementation feasibility; sustained
Vaughn et al. .
survey effectiveness untested (16)
Tscholl et al Useful observations alongside speaker attribution andSupports supervised development; learner

effectiveness untested (17)
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Discussion

Our systematic review findings support educational

benefits from artificial intelligence enabled
feedback across selected procedural and
communication outcomes, with  substantial

dependence on instructional design and
comparator choice. The strongest comparative
findings concerned repeated practice with
individualized correction rather than autonomous
management of complete team debriefings (8-
12,15). Interpretation rests on the specific
educational task, the feedback delivered, and the
independence of outcome assessment rather than
on artificial intelligence as a uniform intervention
(9,10,13).

A central finding was the continuing contribution of
human educators within technically sophisticated
learning systems (10,11). Personalized instruction
informed by algorithmic error data improved
practice and transfer performance, while crossover
results favored expert teaching before subsequent
artificial intelligence coaching (10,11). These
observations align with a secondary analysis
reporting that artificial intelligence guided
curriculum design improved safety measures while
adversely affecting selected efficiency measures,
demonstrating the importance of balancing
educational targets (18). Together, the findings
support educator involvement in defining
competencies, interpreting errors, and addressing
performance dimensions outside the automated
system’s selected metrics (10,18).

Debriefing represents a broader educational activity
than delivery of corrective statements or numerical
performance scores (4,19). The PEARLS framework
integrates learner self assessment, focused
facilitation, and directive feedback or teaching,
providing a useful conceptual basis for positioning
automated outputs within a facilitated discussion
(19). Debriefing with good judgment similarly
emphasizes examining the reasoning behind actions
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through advocacy and inquiry, a function that
performance classification alone does not establish
(20). TeamGAINS further addresses team
interaction dynamics through structured reflection,
reinforcing the distinction between generating a
teamwork report and facilitating collective learning
(21).

The communication studies provide
complementary data for automated feedback
beyond surgical psychomotor training (12,13,15).
Improved history taking scores and nursing
communication outcomes indicate that structured
feedback contributes to learning within virtual
encounters (12,15). Agreement between
automated and human feedback strengthens
confidence in the tested classification process,
although agreement and educational benefit
remain different outcomes requiring separate
evaluation (13). Perceived competence gains in the
nursing crossover study also reflected a combined
intervention  containing different  simulation
modalities and additional artificial intelligence
feedback, preventing attribution of the entire effect
to feedback alone (14). These distinctions are
essential when translating findings into curricula
(14).

Implementation data identified useful features with
important limitations in contextual interpretation
and usability (16,17). The wider generative artificial
intelligence simulation literature describes diverse
applications and outcomes, supporting careful
differentiation between technical feasibility, learner
satisfaction, and demonstrated effectiveness (22).
Errors in speaker attribution and categorization
carry educational significance because inaccurate
observations alter the basis of subsequent
discussion and feedback (17). Concentration of
surgical trials within one research program, small
cohorts, variable comparators, and short
observation periods restrict broader generalization
(8-12).
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Future evaluations require transparent reporting of
system versions, prompts, instructional content,
feedback timing, and the contribution of human
facilitation. Objective assessments across unfamiliar
scenarios and longer follow up are necessary to
establish retention and transfer beyond the
immediate training task. Trials that compare
equivalent practice exposure and separate
automated feedback from changes in simulation
modality offer clearer estimates of its educational
contribution.

Conclusion

Artificial intelligence enabled automated feedback
improved educational outcomes in healthcare
simulation, particularly technical performance,
clinical reasoning, and communication. Benefits
varied across systems, comparators, and
instructional sequences, with several findings
favoring integration of artificial intelligence and
human teaching. Feedback validation and feasibility
studies supported further development without
establishing sustained learning effects. Educational
implementation requires clear learning objectives,
independent performance assessment, and
accountable educator involvement.

List of abbreviations

Al Artificial intelligence

ccQ Clinical Competence Questionnaire
Cl Confidence interval

Clinical  Reasoning

CRI-HT] ‘ Indicator—History
Taking Inventory

GenAl Generative artificial intelligence

GPT Generative Pretrained Transformer

ICEMS InteII'lger'1t Continuous Expertise
Monitoring System

OSATS Objective  Structured Assessment of

Technical Skills
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List of abbreviations

OSCE  Objective Structured Clinical Examination

PEARLS Promc_>t|nfg _Excellgnce and Reflective
Learning in Simulation

VOA Virtual Operative Assistant

VR Virtual reality
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