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ARTICLE INFO ABSTRACT

Keywords: Al-driven characters in extended reality (XR) healthcare simulations are increasingly used for clinical training,

Extended reality yet their effectiveness, implementation, and quality assurance remain poorly understood.

Virtual reality We conducted a systematic review of 132 studies published between January 2015 and July 2025, including

Artificial mt(?l]igen.ce 11 randomized controlled trials (RCTs), sourced from biomedical, computing, and education databases and

;:E;aerg:é;?gimn targeted proceedings. Most studies used virtual reality (62.1%) and focused on effectiveness (n = 71), with

Non-player characters fewer examining implementation (n = 45) or quality assurance (n = 44). Meta-analysis of two RCTs found
a large effect on knowledge and decision-making (Hedges’ g = 1.31, 95% CI 0.08-2.54, I> = 85%), while
one RCT reported faster task performance with Al-driven characters (g = -0.68, 95% CI -1.32 to -0.04).
Certainty of evidence was low due to small samples and high heterogeneity. Implementation success was
often associated with phased roll-outs and faculty training, but quality assurance practices (particularly bias
audits and transparency measures) were rarely documented.

The review proposes the DASEX framework to address these gaps and guide future integration of Al-driven

characters in XR training.
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1. Introduction
1.1. Background and context

Extended reality (XR) encompassing virtual (VR), augmented (AR),
and mixed reality (MR) is now commonplace in healthcare simulation,
where it offers safe, repeatable, and scalable practice for technical
and non-technical skills. Despite accelerating adoption, the evidence
base for effectiveness, implementation feasibility, and quality assur-
ance remains fragmented, and prior reviews rarely isolate the specific
contribution of Al-driven characters in XR healthcare training.

1.2. The need for a new review

Three critical factors necessitate this review. First, since 2023,
advances in large language models and XR hardware may confound
comparisons with earlier studies. Second, outcome reporting is het-
erogeneous (different scales, designs, and endpoints), which has lim-
ited previous meta-analytic synthesis. Third, evaluation frameworks
widely used in simulation (e.g., MLASE, CFIR, Kirkpatrick) only par-
tially address Al-specific concerns (adaptivity, transparency, algorith-
mic safety), highlighting a gap between technical capabilities and ex-
isting educational governance frameworks. Finally, questions of equity
and privacy are under-reported yet highly relevant for deployment.

1.3. Addressing prior limitations

We conducted a PRISMA-aligned search spanning 1 January 2015
to 31 July 2025 across biomedical, education, and computing sources,
explicitly including the ACM Digital Library and targeted conference
proceedings such as IEEE VR and key ACM/IEEE HCI venues to cap-
ture cutting-edge AI+XR research often published outside traditional
journals. To manage the inherent methodological heterogeneity across
studies without over-interpretation, we grouped outcomes into mean-
ingful families such as task time, error rate, knowledge scores, OSCE

scores, diagnostic accuracy, motion metrics, and confidence ratings, to
enable meaningful synthesis. Where at least two comparable studies
were available, we performed random-effects meta-analysis using the
REML estimator, reporting 72, I2, and 95% prediction intervals to
better convey the uncertainty and generalizability of pooled effects.
Sensitivity analyses were implemented to assess robustness in cases of
small sample sizes or high risk of bias. Small-study effects were eval-
uated using funnel plots and Egger’s test where the number of studies
permitted (k > 10). Study quality was rigorously assessed using the RoB
2 tool for randomized trials and ROBINS-I for non-randomized designs,
with overall certainty in evidence summarized using GRADE method-
ology and presented in structured Summary-of-Findings tables [1-3].
We also reference the SPIRIT-AI and CONSORT-AI reporting extensions
where applicable [4,5].

1.4. Contributions

This review makes four key contributions: (1) First cross-discipl-
inary synthesis isolating Al-driven characters in XR healthcare train-
ing (2015-2025), (2) PRISMA-aligned methodology with transparent
reporting, (3) Novel meta-analytic approach addressing heterogene-
ity through outcome families, and (4) Introduction of DASEX-an Al-
specific evaluation framework for NPC-driven XR with prospective
validation protocol.

1.5. Research questions

This review focuses on three core areas: the effectiveness of Al-
driven characters in XR healthcare simulations, approaches for their im-
plementation and scalability, and mechanisms ensuring their reliability,
safety, and fairness. Accordingly:

Research questions.

» RQ1 In healthcare training, what is the effect of Al-driven characters
in XR simulations compared to (a) traditional training methods, (b)
non-Al XR simulations, or (c) no intervention, on learner performance
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Fig. 1. Single and multi-participant training dynamics enabled by Al-driven characters in XR simulations.

outcomes including procedural task time, error rate, knowledge scores,
OSCE scores, diagnostic accuracy, motion metrics, and self-reported
confidence?

RQ2 What implementation approaches, instructional designs, and
technological configurations are used to integrate Al-driven characters
into XR healthcare simulations, and what contextual factors (e.g., set-
ting, resources, faculty training, device type, connectivity) influence
successful adoption and scalability?

RQ3 What mechanisms are reported to ensure the reliability, safety,
fairness, and explainability of Al-driven characters in XR healthcare
simulations, and how do these align with or extend existing evaluation
frameworks (e.g., MLASE, CFIR, RE-AIM)?

2. Related work

This section reviews prior literature relevant to Al-driven characters
in XR healthcare simulations, situating our study within the broader
landscape of simulation-based education, artificial intelligence integra-
tion, and evaluation frameworks. We begin by tracing the evolution of
simulation in healthcare, from early OSCE models to the adoption of
XR technologies.

2.1. Background

Simulation in healthcare: From OSCE to XR

Simulation-based training was introduced into healthcare to de-
velop clinical competencies in a manner that reflects actual operational
conditions, with studies identifying its role in improving clinical out-
comes and patient safety [6-10]. The concept of clinical training by
simulating real-life conditions is not new; studies dating back to the
year 2000 highlight the benefits of clinical simulation for skill acquisi-
tion and knowledge retention. Extended Reality (XR) was identified as a
promising medium for delivering immersive clinical environments [11,
12].

Research into simulation validity followed, aiming to ensure align-
ment with clinical needs [13,14]. Traditional assessments like long-
case exams, where a candidate reviewed a case independently and
then presented their findings to an examiner, were eventually largely
supplemented by standardized assessments [15]. Harden’s Objective
Structured Clinical Examination (OSCE), introduced in 1975 [16], was
a turning point, enabling fairer evaluation via structured scenarios and
checklists [17,18]. OSCEs have since become a gold standard [19],
demonstrating the importance of standardization in clinical training
and assessment tools.

The emergence of Al-driven characters

Extended Reality (XR), encompassing Virtual Reality (VR), Aug-
mented Reality (AR), and Mixed Reality (MR), has transformed digital
simulation-based education. VR offers fully immersive environments
suited to procedural practice in areas such as sonography [20,21], psy-
chiatry [22], and emergency care [23], with immersion linked to im-
proved educational outcomes [24-26]. AR overlays digital information
on real-world views to enable interactive, context-aware learning [27],
while MR integrates both immersive and real-world elements to support
team-based scenarios and flexible clinical training [28,29].

Recent advances have introduced Al-driven characters into these
environments, capable of adapting dialogue, emotional tone, and clin-
ical decision-making in real time. This advancement moves XR train-
ing beyond scripted, deterministic interactions, allowing simulations
to respond dynamically to learner actions, replicate realistic patient
behavior, and simulate collaborative team members or assessors, as
illustrated in Fig. 1.

Artificial intelligence and conversational capabilities

Artificial Intelligence (AI) refers to the ability of machines to per-
form tasks, communicate, and reason in ways comparable to hu-
mans [30], reflecting Alan Turing’s seminal question on machine
intelligence [31]. The emergence of large language models (LLMs)
based on transformer architectures [32] has enabled Al systems to gen-
erate nuanced, context-sensitive dialogue far beyond the capabilities of
earlier rule-based or statistical approaches such as HMMs and n-gram
models [33-35].

The 2022 release of ChatGPT accelerated both public and academic
engagement with conversational AI [36]. Since then, clinical appli-
cations have proliferated [37-40], including safety-enhanced versions
tailored for healthcare [41,42]. The conversational realism of these
models enables Al-driven characters in XR simulations to convincingly
mimic human interaction, with studies reporting that nearly half of
participants could not distinguish AI from humans in blind tests [43].
Throughout, we use the term Al-driven characters to refer to Al-enabled
agents used in XR as patients, teammates, instructors, or assessors; we
use virtual patient only when the character specifically plays a patient
role.

2.2. Prior reviews and gaps
What prior reviews have covered—and missed

Prior systematic reviews have explored the use of extended real-
ity (XR) in healthcare education [44-47], yet few have isolated the
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specific role of Al-driven characters from scripted avatars or human-
controlled simulations [48-50]. Many existing syntheses focus nar-
rowly on single clinical disciplines or particular skill domains, limiting
their generalizability across specialties. Additionally, several reviews
exclude conference proceedings, despite these venues being common
outlets for cutting-edge AI+XR research in computing and human—
computer interaction [28,48]. The heterogeneity in outcome reporting
across studies has often precluded meta-analysis, resulting in purely
qualitative summaries [46,50]. A critical gap is that many reviews fail
to address Al-specific considerations, including bias auditing, or the
fidelity of dynamic adaptivity, features that fundamentally distinguish
Al-driven characters from static simulation tools [4,5,40,51-54]. These
omissions highlight a gap in the current literature: a need for a review
that not only identifies the presence of Al-driven characters but eval-
uates their unique contributions and risks within immersive training
environments.

Rationale for this review

Given the rapid evolution of XR hardware, generative Al models,
and adaptive pedagogical approaches, a new, comprehensive synthe-
sis is warranted. This review addresses the limitations of prior work
by drawing on cross-disciplinary evidence from healthcare, computer
science, and educational research [47,55]. It organizes findings by
outcome family to enable meta-analysis where methodological consis-
tency allows, enhancing the interpretability of effect sizes and aligning
with PRISMA 2020 reporting guidance [56]. Beyond effectiveness, the
review evaluates implementation strategies and contextual factors such
as institutional readiness, technical infrastructure, and faculty adoption
that influence real-world deployment [57,58]. Crucially, it incorporates
both established evaluation frameworks and novel, Al-specific criteria
to assess quality, safety, and equity, ensuring that the unique challenges
posed by autonomous or semi-autonomous agents are not overlooked
in high-stakes clinical training contexts [4,5,37,39,40,51].

2.3. Existing evaluation frameworks

Existing evaluation frameworks including MLASE (Medical Learn-
ing, Analytics, and Simulation Evaluation), CFIR (Consolidated Frame-
work for Implementation Research), and Kirkpatrick’s model have been
instrumental in guiding the design and assessment of simulation-based
education [45,57-59]. However, these models were developed prior
to the widespread integration of Al into immersive environments and
therefore lack constructs to evaluate dynamic, non-deterministic Al-
driven characters behaviors [48,60]. They do not account for real-time
adaptivity to learner performance, nor do they provide guidance on
assessing algorithmic transparency or the explainability of Al-generated
responses; similarly, there is limited emphasis on formal protocols for
detecting and mitigating bias in Al-driven interactions, or on ensuring
the reliability of outputs when underlying models are probabilistic or
context-sensitive [52,53]. Furthermore, these frameworks offer little
support for evaluating the quality of immersive Al-driven characters in-
teractions such as conversational realism, emotional responsiveness, or
clinical plausibility of NPC decisions, features that are central to learner
engagement and educational fidelity in Al-enhanced simulations [61,
62].

2.4. Development and positioning of the DASEX framework

To address these shortcomings, this review introduces the DASEX,
an Al-specific extension designed to evaluate XR simulations featuring
intelligent, interactive characters. DASEX complements existing models
by introducing specialized metrics for conversational fidelity, response
quality, and the coherence of Al-generated clinical reasoning. It in-
cludes structured protocols to assess the degree and effectiveness of
adaptivity in response to learner actions, as well as safety guardrails
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that ensure clinical accuracy and prevent harmful or misleading recom-
mendations. The framework also incorporates dedicated modules for
bias detection, enabling evaluators to scrutinize training data prove-
nance, demographic representation, and fairness in feedback delivery.
By integrating these dimensions, DASEX provides a more nuanced and
technically grounded evaluation lens for Al-driven simulations [4,5,
37,39,40,51]. Its validation methodology and implementation protocol
are detailed in Section 9.3.1, illustrating how the framework oper-
ationalizes critical Al-specific concerns and supports the responsible
development and deployment of Al-driven characters in healthcare
education.

3. Methods

This section details the PRISMA-aligned methodology, following
PRISMA 2020 guidelines [56]. It describes the search strategy, eli-
gibility criteria, screening process, and data extraction methods, as
well as the approaches used for quality assessment and synthesis. The
methodological framework was designed to maximize transparency, re-
producibility, and alignment with best practices for evidence synthesis
in emerging technology domains.

3.1. Search strategy

We conducted a PRISMA-compliant search combining database
queries, targeted conference proceedings, and citation snowballing.
Five databases were searched: PubMed (biomedical literature), IEEE
Xplore (engineering/computer science), Scopus (interdisciplinary sci-
ences), Web of Science (multidisciplinary scholarship), and ACM Digital
Library (computing research). Targeted conference proceedings in-
cluded IEEE VR, ACM VRST, IEEE AIxVR, IEEE VIS, and ACM CHI
(2015-2025).

The search timeframe spanned 1 January 2015 to 31 July 2025
with English-language restrictions. Boolean search strings (provided in
Appendix A) combined three conceptual domains:

1. XR technologies: (“virtual reality” OR “augmented reality” OR
“mixed reality” OR “extended reality” OR “immersive simula-
tion”)

2. Al-driven characters: (“artificial intelligence” OR “intelligent
agent” OR NPC OR “virtual patient” OR ‘“conversational agent”
OR “large language model” OR “generative AI”)

3. Healthcare context: (“clinical training” OR “medical education”
OR “healthcare simulation” OR “team training”)

To validate coverage, we performed citation snowballing on 14
keystone studies using Connected Papers (backward citation search)
and Google Scholar (forward citation search). This yielded a 64%
duplicate recovery rate (9/14 keystones already captured) and iden-
tified 5 additional studies, indicating excellent coverage of the citation
backbone.

3.2. Eligibility criteria

Inclusion criteria

Population: Healthcare professionals or students at any training
level

Intervention: XR simulations (VR, AR, MR) incorporating Al-
driven interactive agents

Context: Healthcare education or clinical training

Study Design: Empirical investigations reporting quantitative or
qualitative outcomes

Publication Type: Peer-reviewed journal articles or full confer-
ence proceedings (2015-2025)
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Records identified (n=6,325)

Databases (n=3,758): PubMed (130), IEEE
Xplore (1,455), Scopus (383), WoS (89),
ACM DL (1,701)

Conference proceedings (n=2.253): IEEE VR
(1,441), IEEE AIVR (452), IEEE VIS (121),
ACM VRST (46), ACM CHI (193)

Citation chasing (n=314)

Removed at identification:
>
Duplicates removed (n=1,181)

Removed at screening:

A4

Records excluded (n=4,856)
irrelevant; non-XR/AIL

EEEEE =

Records screened after deduplication
(n=5,144)

non-healthcare; non-empirical

A\

Removed after full-text:
No Al character/agent (72)

Full-text articles assessed (n=288)

Not empirical (48)
Not healthcare education (26)

Y

XR absent (9)
Full text unavailable (1)

Studies included in the review (n=132):
RQ1 (71); RQ2 (45); RQ3 (44); Addressing >2
RQs: 27

Fig. 2. PRISMA 2020 flow diagram of study selection.

Exclusion criteria
+ Simulations without Al-driven characters
» XR applications outside healthcare education
» Non-empirical reports (e.g., conceptual papers, untested frame-
works)
» Non-English publications
+ Inaccessible full texts

3.3. Data extraction and quality assessment

The study selection process followed the PRISMA 2020 guidelines.
A total of 6325 records were initially identified, comprising 3758 from
database searches, 2253 from conference proceedings, and 314 from
citation snowballing.

Study selection process

After removing 1181 duplicates, 5144 unique records remained for
screening. Titles and abstracts were screened independently by two
reviewers, resulting in the exclusion of 4856 records based on relevance
and scope. The remaining 288 full-text articles were assessed for eligi-
bility, of which 156 were excluded for the following reasons: absence of
an Al-driven character (72), non-empirical design (48), non-healthcare
context (26), lack of XR modality (9), and unavailability of full text (1).
This process yielded 132 studies included in the final synthesis, with
discrepancies resolved through consensus or adjudication by a third
reviewer. The complete workflow is summarized in Fig. 2.

Data extraction

Data were extracted using a standardized framework designed to
capture key dimensions of each study. This included study characteris-
tics such as publication year, country of origin, research design, sample
size, and participant demographics. Technological specifications were
recorded in detail, encompassing the XR modality used (VR, AR, or

MR), hardware platforms, Al architecture (e.g., rule-based, NLP, ma-
chine learning), and the functional roles of Al-driven characters within
the simulation. Educational context was documented with attention to
clinical specialty, learning objectives, and the method of integration
into training curricula. Outcome data were systematically collected
across performance metrics, including task time, error rates, and OSCE
scores, as well as measures of knowledge gain and learner confidence.
Finally, information on quality assurance practices was extracted, fo-
cusing on validation methods, reliability metrics, and protocols for
human oversight to ensure educational and clinical fidelity.

Study characteristics synthesis

Across the included corpus (n = 132), randomized trials con-
stituted a small minority (11; ~8%), with the literature dominated
by experimental and feasibility-style studies (60), alongside mixed-
methods (7), pilot studies (5), surveys/cross-sectional designs (3),
case/case-series (3), and reviews (18). Trials spanned team training
and decision-making in VR with Al-driven characters [63-65], dental
surgical decision-making with an intelligent tutor [66], and Al-guided
bronchoscopy skill acquisition [67]. Experimental and feasibility work
covered AI+AR guidance for robotic surgery and real-time VR/MR
simulations with empathic Al-driven characters [68,69], while quali-
tative and project evaluations explored interaction modalities (menu
vs. voice), student experience, and early service deployment [70,71].
Reviews synthesized biofeedback+AI in XR training, immersive real-
ity in anesthesia, and metaverse opportunities and risks for medical
education [46,49,72-74].

Sample sizes were modest. Among RCTs with a numeric N reported
(n = 7), the median was 70 (IQR 54-120), with most trials conducted
at single institutions and focused on short-term outcomes [63,64,67].
Across all studies with a numeric N (n = 27), the median was 41 (IQR
16-67). This scale, together with single-site implementation, should
temper inferences about generalizability.
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Fig. 3. Included studies per year (2015-2025).
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Fig. 4. Study design by XR modality.

Temporally, publication volume was strongly recent: 2019: 9; 2020:
4; 2021: 8; 2022: 12; 2023: 15; 2024: 42; 2025: 34. Approximately
68% of all studies were published from 2023-2025, underscoring that
findings may reflect current toolchains and hardware capabilities more
than stable effects over time [46,49,66,71].

By modality (coded from each record’s Technology Type as shown in
Fig. 4), VR was the most frequent label, followed by AR and MR. RCTs
were predominantly VR-focused (e.g., sepsis team training in VR with
Al-driven characters; [63-65]), with fewer AR trials (e.g., Al-guided
bronchoscopy; [67]). Implementation studies and validation/QA work
commonly integrated AR overlays, explainable-Al support, or auto-
mated scoring [75-77], reflecting a shift toward instrumentation, trust
calibration, and scalable assessment.

Research question coverage was fragmented. Using the dataset’s RQ
flags, only-RQ1 (effectiveness) accounted for 47 studies; only-RQ2 (im-
plementation) for 31; and only-RQ3 (quality assurance/ethics/validity)
for 27. Overlaps were limited (RQ1+RQ2: 10; RQ1+RQ3: 13; RQ2+
RQ3: 3), and just one study spanned all three. This pattern mirrors
the field’s separation between efficacy trials in controlled VR set-
tings (e.g., [63,64]), implementation-focused deployments and frame-
works [70,71], and QA/validity strands on explainability, trust, and
automated assessment [75-77].

Together, these observations suggest: (i) limited but growing RCT
evidence anchored in VR; (ii) small-to-mid samples with short-term out-
comes; (iii) a recent surge in publications that may introduce temporal
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Table 1
Distribution of included studies by research question (RQ) focus.
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RQ Bucket Count Example studies (Title; Authors, Year)

— Exploring the Application Capability of ChatGPT as an Instructor in Skills Education for Dental Medical Students: randomized

— Effect of Feedback Modality on Simulated Surgical Skills Learning Using Automated Educational Systems: A Four-Arm randomized

- Metaverse-based simulation: a scoping review of charting medical education over the last two decades in the lens of the ‘marvelous

- Using Extended Reality (XR) for Medical Training and Real-Time Clinical Support during Deep Space Missions; Nam et al. 2022

— First validated automated scoring system using the diagnostic arthroscopy skill score (DASS 2.0) for assessing proficiency in virtual

— Enhancing Virtual Human Interactions by Designing a Real-Time Dialog Filter for Mitigating Nonsensical Responses; Harari et al. 2024

— Integrating Biofeedback and Artificial Intelligence into eXtended Reality Training Scenarios: A Systematic Literature Review;

— How Managers Perceive Al-Assisted Conversational Training for Workplace Communication; Osborne et al. 2025

— Integrating large language model-based agents into a virtual patient chatbot for clinical anamnesis training; Huang et al. 2025

— SurgBox: Agent-Driven Operating Room Sandbox with Surgery Copilot; Agbontaen et al. 2024

— Immersive training of clinical decision making with Al-driven virtual patients — a new VR platform called medical tr.Al.ning; Liaw

— Human in the Loop for XR Training: Theory, Practice and Recommendations for Effective and Safe Training Environments; Teixeira

Only RQ1 47
Controlled Trial; Vannaprathip et al. 2025
Control Trial; Yilmaz et al. 2023
Only RQ2 31
medical education machine’; Ghaempanah et al. 2024
Only RQ3 27
reality arthroscopy; Anetzberger et al. 2025
RQ1+RQ2 10
Blackmore et al. 2024
RQ1+RQ3 13
RQ2+RQ3 3
et al. 2023
et al. 2023
All three 1

study; Liaw et al. 2023

— Artificial intelligence-enabled virtual reality simulation for clinical deterioration training: An effectiveness-implementation hybrid

effects; and (iv) sparse end-to-end studies uniting effectiveness, imple-
mentation feasibility, and robust QA. Bridging these strands, e.g., com-
bining Al-adaptive VR trials [63,66] with implementation frameworks
and validated, scalable outcome measurement [75-77], remains a key
opportunity for the next wave of AI+XR medical education research.

4. Results

This section presents the findings from our systematic review of Al-
driven characters in XR healthcare simulations. We first describe the
study selection process and scope of included literature, followed by a
breakdown of results according to the three research questions: RQ1
(effectiveness), RQ2 (implementation), and RQ3 (quality assurance).
Summary statistics, illustrative examples, and patterns in study overlap
are provided to contextualize the evidence base.

4.1. Study selection and scope

Across 2015-2025 we included 132 empirical studies that addressed
at least one RQ. RQ coverage was RQ1 effectiveness (n = 71), RQ2
implementation (n = 45), and RQ3 quality assurance (n = 44).

Overlap was limited: 47 studies targeted only RQ1, 31 only RQ2,
and 27 only RQ3; 10 addressed RQ1+RQ2, 13 RQ1+RQ3, 3 RQ2+RQ3,
and 1 spanned all three RQs (Table 1). Publication output accelerated
sharply after 2022, with 42 studies in 2024 and 33 by July 2025 (Fig.
3), indicating a field dominated by recent evidence and thus susceptible
to temporal effects (e.g., LLM-era systems).

4.2. Designs, samples, and modalities

Study designs were heterogeneous, with 11 randomized controlled
trials (RCTs) (~8%-9% of all studies), 33 experimental studies, 9
mixed-methods, 5 pilot, 3 surveys, 2 case/case-series, and 19 reviews.
For studies reporting numeric samples, the median sample size was 41
(IQR 17-81), while RCTs with extractable Ns (n = 8) had a median 67
(IQR 56-120).

XR modality distribution (bucketed from “Technology Type”) ske-
wed toward VR (n = 82; 62.1%), followed by AR (n = 36; 27.3%);
MR (n = 1; 0.8%) and XR-unspecified (n = 7; 5.3%) were rare
(Fig. 5). When trials occurred, they were predominantly VR (RCTs by

modality: VR = 10, AR = 2; Fig. 5). Modality aligned with RQ focus:
VR dominated effectiveness (RQ1), while AR appeared more often in
implementation/QA studies (RQ2-RQ3).

4.3. Effectiveness (RQ1)

Across healthcare education, the convergence of Al with XR is
reshaping how learners acquire technical and non-technical skills. Ev-
idence suggests Al can support adaptivity, reduce cognitive load, and
personalize feedback, while preserving trainer oversight for safety [60,
78].

Procedural/time outcomes: In an RCT of Al-guided bronchoscopy
with AR overlays, clinicians completed tasks faster and more efficiently
than expert-tutored controls (procedure time —77 s, P = .022; seg-
ments revisited —7, P = .019; SMD for post-only time ~—0.68, 95%
CI —1.32 to —0.04; negative = faster) [67]. A four-arm surgical VR
RCT similarly showed that automated visual/visuospatial feedback im-
proved benchmark attainment over practice-alone by the second/third
repetition [64]

The chart provides an effect-direction overview across all included
studies, grouped by outcome family and stratified by study design
(see Fig. 6). Marker size is proportional to reported sample size (or
CASP quality score when sample size was unavailable), with numbers
indicating study counts per cell. The distribution highlights consistent
advantages for AI/XR in procedural/time measures, more heteroge-
neous effects in knowledge/decision outcomes, mixed results for com-
munication/teamwork, and limited but generally positive signals in
errors/accuracy. Many studies reported unclear or within-group-only
improvements, reflecting heterogeneity in design and reporting.

Knowledge/decision-making: A pooled analysis of two pre-post RCTs
sepsis team training with an AI doctor [63] and a dental intelligent
tutor [66] yielded a large standardized mean difference for knowl-
edge/decision outcomes (grpyy, = 1.31, 95% CI 0.08-2.54), but with
substantial inconsistency (2 = 0.67; I?> = 85%), reflecting domain/task
differences (sepsis cognition vs. endodontic decision-making).

Communication/teamwork: In the sepsis RCT, the Al-doctor group
achieved higher knowledge but not superior communication perfor-
mance versus human-controlled simulation; the human-controlled gro-
up reported higher communication self-efficacy [63]. Small experimen-
tal work suggests affective Al-driven characters can enhance realism



D. Dasa et al.

Artificial Intelligence In Medicine 170 (2025) 103270

Unspecified

XR Modality
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and communication skill practice, but samples are underpowered (n =
9) [69]. Controlled trials showed mixed effects on communication
outcomes, in contrast to more consistent gains in procedural measures.

Measurement/assessment robustness: Automated assessment reliabil-
ity supports scalable evaluation of technical performance Al scoring
reached moderate-to-almost-perfect agreement with experts in laparo-
scopic tasks (¢ ~ 0.59-0.86) and high ICC in automated arthroscopy
scoring (ICC ~ 0.89) [76,77], strengthening confidence in procedu-
ral outcome measurement; analogous validated instruments are less
consistently reported for communication.

Across controlled trials in this review, procedural/time metrics
consistently favored AI/XR (2/2 RCTs with significant improvements),
knowledge/decision outcomes were favorable but heterogeneous (po-
oled g ~ 1.31 with wide PI), and communication performance ef-
fects were mixed (0/1 RCT superiority), despite signals from empathic

Al-driven characters. Given small samples and domain variation, inter-
pretation should emphasize outcome family and task context [63,64,
66,67,69,70,76,77,79].

4.4. Implementation (RQ2)

Implementation reports commonly referenced phased rollouts (pi-
lot — faculty development — broader integration) and compatibil-
ity considerations (headset availability, space, network constraints).
Framework usage (e.g., CFIR, RE-AIM) was present but inconsistent;
successful programmes emphasized leadership buy-in, faculty training,
and low-friction tech stacks (e.g., cloud/offline modes, simple device
provisioning). Barriers included cost, staff time, and data governance
approvals.
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Table 2
Summary of Findings (SOF) for Al-enhanced XR training in healthcare education.
Absolute effect* (95% CI)

Outcome Relative effect (95% CI) Participants (studies) Certainty (GRADE)

Knowledge/Decision-making Al/XR: 1.31 SD higher (0.08 to 2.54) SMD 1.31 (0.08 to 2.54) 99 (2 RCTs) eees LOW?
Task performance time AI/XR: 0.68 SD faster (1.32 to 0.04 faster) SMD —0.68 (—1.32 to —0.04) 40 (1 RCT) seee LOWP
Cue recognition AI/XR: 22% higher (7% to 40%) RR 1.22 (1.07 to 1.40) 64 (1 RCT) sees LOWS

2 Pooled effect from sepsis team training [63] and dental decision-making [66]; substantial heterogeneity (I* = 85%).
b Single RCT of Al-guided bronchoscopy training [67]; negative SMD indicates faster Al performance.

¢ Single RCT of AR-virtual patient study [80].

4.5. Quality assurance and safety (RQ3)

Quality assurance practices included scenario versioning, expert
review of Al behaviors, logging, and rule-based guardrails for unsafe
actions. Some studies described algorithmic checks (e.g., bias or plausi-
bility filters) and Human-in-the-Loop oversight for escalation. However,
formal bias audits, privacy safeguards, and inter-rater reliability of
assessment instruments were less frequently detailed, motivating the
need for the Al-specific DASEX criteria introduced here and future
empirical validation.

5. Meta-analysis

We prespecified four outcome families and fit random-effects mod-
els with REML where pooling was feasible, reporting z2, 2, and 95%
prediction intervals (PI). For knowledge/decision-making, two pre—post
RCTs were eligible for change-score SMDs (Hedges g using the Morris
method, r = 0.50): [63] (n = 32/32) and [66] (n ~ 18/17 per full
text). Study effects were g = 0.72 (SE 0.26) and g = 1.98 (SE 0.42);
the pooled effect favored AI/XR (gggy = 1.31, 95% CI 0.08 to 2.54)
with substantial heterogeneity (> = 0.67, I> = 85%) and a wide PI
(—0.72 to 3.34), consistent with differing tasks (sepsis team cognition
versus dental decision-making). Sensitivity analyses using r = 0.30 and
r = 0.70 gave similar results. For task time, one RCT of Al-guided
bronchoscopy [67] indicated faster performance with Al (post-only
SMD g = —0.68, 95% CI —1.32 to —0.04; negative values denote faster
Al). A four-arm RCT comparing feedback modalities [64] favored visual
or visuospatial feedback over practice alone across multiple metrics,
but group means and SDs were not extractable, so we summarize this
trial narratively pending author data. For measurement validity, an Al
assessor showed moderate to almost-perfect agreement with experts in
laparoscopic tasks [77] (x = 0.59 to 0.86) and high agreement for
automated DASS 2.0 scoring [76] (ICC = 0.89), supporting scalable,
blinded outcome scoring.

A four-arm RCT on feedback modalities [64] favored visual/visu-
ospatial feedback over practice-alone on multiple performance metrics;
figures/tables did not report group mean + SDs in extractable form, so
we report this study narratively pending author-level data.

Finally, to address measurement validity, an Al assessor showed
moderate to almost-perfect agreement with experts in laparoscopic
tasks [77] (x = 0.59-0.86) and high agreement in automated assessment
of DASS 2.0 scores [76] (ICC = 0.89), supporting the feasibility of
scalable, blinded outcome scoring in this domain.

6. Summary of key quantitative findings

This section summarizes the main quantitative results for Al-enhan-
ced extended reality (XR) training in healthcare education. Patient
or population: healthcare learners (nursing students, dental students,
critical care physicians). Setting: virtual and augmented reality sim-
ulation environments. Intervention: XR training systems incorporat-
ing Al-driven characters. Comparison: traditional training methods or
human-controlled simulation (see Table 2).

GRADE certainty definitions: High: very confident the true effect is
close to the estimate. Moderate: moderately confident; the true effect is

likely close to the estimate, but may differ substantially. Low: limited
confidence; the true effect may differ substantially from the estimate.
Very low: very little confidence; the true effect is likely substantially
different from the estimate.

Notes on evidence synthesis: Due to heterogeneity in study designs,
outcome measures, and statistical reporting, only 4 studies (3.0%) met
the eligibility criteria for quantitative synthesis. The remaining 128
studies (97.0%) were synthesized narratively due to methodological
incompatibility or insufficient statistical data for pooling.

7. Critical appraisal using CASP

We evaluated study quality using an adaptation of the Critical
Appraisal Skills Programme (CASP), retaining its ten core domains
study aims, design alignment, recruitment transparency, outcome va-
lidity, analytic rigor, reflexivity, ethics, and practical value while im-
plementing a quantitative rubric that assigns up to 20 points per
study (converted to percentage scores). Weighting emphasized objec-
tive indicators (e.g., randomization, validated instruments, preregis-
tration, explicit ethical approval). This enabled consistent evaluation
across heterogeneous designs, from randomized trials to exploratory
prototypes. The full adapted checklist is provided in Appendix.

In our corpus, randomized controlled trials achieved the highest
quality scores, exemplified by an RCT integrating Al tutoring with
VR-based skill assessment (95%; [79]). Systematic literature reviews
similarly scored highly, reflecting clear methods and transparent syn-
thesis (95%; [49]). Experimental studies with small samples also per-
formed well when methods and measures were explicit (85%; [69]).
Narrative field reviews showed wider variability, ranging from strong,
well-scoped syntheses (90%; [46]) to more general overviews with
limited protocol detail (70%; [72]). Early descriptive deployments and
feasibility/technical prototypes tended to score lower due to limited
recruitment detail, short timeframes, and minimal outcome validation
(75% and 60%, respectively; [68,71]). Qualitative project evaluations
with clear sampling and analysis could reach high scores (90%; [70]).
Conceptual and theoretical contributions, while valuable for framing,
typically scored mid-range given the absence of empirical methods
(65%; [73,78]). Technology surveys landed in the upper mid-range
when search strategies and coverage were explicit (80%; [81]). Over-
all, the adapted CASP rubric provided an evidence-informed, design-
agnostic approach to compare methodological quality, highlighting
where standards are strongest (RCTs, systematic reviews) and where
further rigor is needed (feasibility prototypes, early narrative work)
(see Fig. 7).

8. Discussion

This review synthesized evidence from 132 empirical studies in-
vestigating Al-driven characters in XR healthcare simulations, address-
ing three domains: effectiveness (RQ1), implementation frameworks
(RQ2), and quality assurance (RQ3). The breadth of the included lit-
erature reflects growing interest in XR-AlI clinical training, yet the het-
erogeneity of study designs, outcome measures, and reporting standards
limits the ability to pool results quantitatively.
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Fig. 7. Distribution of CASP scores by study design.

8.1. Effectiveness of Al-driven XR simulations (RQ1)

Across the 71 studies addressing RQ1, the evidence indicates that
Al-enhanced healthcare simulations can improve knowledge acquisi-
tion, procedural skill performance, and decision-making speed com-
pared to traditional training methods. These effects were most consis-
tent in controlled studies evaluating discrete procedural skills (e.g., air-
way management, surgical suturing) or team-based crisis scenarios.
Improvements were often accompanied by gains in learner confidence
and engagement, although studies using standardized satisfaction scales
(e.g., SUS, NASA-TLX) reported variable results. Notably, very few
studies evaluated transfer to real-world clinical settings, and follow-up
periods beyond immediate post-training were rare.

8.2. Implementation frameworks (RQ2)

The 45 studies mapped to RQ2 revealed a fragmented approach
to implementation. While some adopted structured frameworks such
as Kirkpatrick’s model or Miller’s pyramid to guide evaluation, most
relied on bespoke protocols without explicit theoretical grounding.
Hardware configurations were dominated by VR headsets (particu-
larly Oculus/Meta Quest), with AR deployments often limited to pilot
studies or procedural guidance applications. Integration of Al-driven
NPCs varied from rule-based branching logic to advanced NLP and
reinforcement learning, though few studies provided technical trans-
parency on Al model architecture or training data provenance. Cross-
disciplinary collaboration between clinicians, simulation designers, and
Al developers emerged as a key facilitator of successful implementation,
supporting previous observations on the importance of interdisciplinary
design in complex simulation environments [82-85].

8.3. Quality assurance and safety (RQ3)

The 44 studies addressing RQ3 demonstrated a notable gap in
formal quality assurance protocols. Safety features such as intervention
plausibility checks, bias audits, or error interception were infrequently
reported [50,84]. Only a minority of studies described logging AI
reasoning processes or providing learners with transparent explanations
for NPC actions. The lack of structured QA raises concerns regarding
reproducibility, learner trust calibration, and risk management, partic-
ularly when simulations are deployed in high-stakes training contexts.
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Examples such as HealthBench’s example-specific rubrics, validated
across 48,000+ criteria [37], and the MLASE surgical checklist [45,59]
illustrate how consensus scoring, stratified dimensions (e.g., accuracy,
completeness, communication), and human-in-the-loop oversight could
be adapted to XR-AI systems. Incorporating these elements together
with algorithmic-bias mitigation, fidelity validation, and expert review
would improve both rigor and flexibility, enabling reproducible yet
context-sensitive quality control [86,87].

8.4. Experience level, cognitive load, and adaptive difficulty

These findings align with Cognitive Load Theory (CLT), which
emphasizes balancing intrinsic (task complexity), extraneous (ineffi-
cient design or distractions), and germane (schema-building) load to
optimize learning [88-90]. Communication-focused scenarios often de-
mand emotionally rich, socially dynamic interactions such as empa-
thy, negotiation, or conflict resolution that can increase extraneous
load [91-94], and current Al-driven characters still struggle to manage
this complexity consistently [95,96]. While novice learners benefit from
scaffolded Al guidance [97-99], poorly tuned adaptivity can over-
whelm experienced users, reducing performance and engagement [100,
101]. One approach is to implement manual or semi-automated diffi-
culty modes (e.g., scaffolded, standard, advanced) that adjust scenario
complexity, Al prompt precision, and required autonomy to maintain
optimal cognitive load [88,90] (see Table 3).

8.5. Geographic distribution and LMIC representation

Most studies originated from high-income countries, notably the
United States, Canada, Western Europe, Japan, Republic of Korea,
and Switzerland, with growing contributions from East Asia and the
Middle East [102-105] (see Table 3). Bibliometric mapping confirms
concentration in the United States, United Kingdom, and China, with
collaborations clustered in North America, Western Europe, and East
Asia [106]. LMIC and UMIC studies such as those from Egypt [107],
Palestine [108], South Africa [109], Thailand [66], and China [110]—
were fewer and tended to focus on feasibility, cost-conscious or hybrid
delivery models, and local barriers (infrastructure, training, affordabil-
ity) [107,109,111]. Large geographic gaps persist in Sub-Saharan Africa
and much of Latin America and South/Southeast Asia outside major
hubs [47,106].
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Table 3

Geographic distribution of included studies.
Region Count
North America 45
Europe 32
East Asia & Pacific 25
Middle East & North Africa 15
Unspecified 14
South Asia 11
Central Asia 2
Latin America & Caribbean 1
Sub-Saharan Africa 1

8.6. Ethics and equity

Ethical considerations reported include equitable access, inclusion
of underserved learners, bias mitigation, transparency in Al-assisted
feedback, informed consent in immersive studies, and cultural/lingui-
stic adaptation [47,112,113]. Reviews highlight ethics as a key gov-
ernance priority encompassing fairness, autonomy, explainability, and
consent for multimodal data capture [47,112]. Equity is closely linked
to geography: disparities in device cost, bandwidth, and digital liter-
acy risk widening gaps unless systems adopt accessibility-first designs
(mobile/low-bandwidth operation, localization, disability accommoda-
tions) and receive institutional support [102,111].

8.7. Cost and economic considerations

Several studies report potential cost savings compared with stan-
dardized patients or high-fidelity manikins, particularly with virtual
patients, consumer-grade VR, and Al-assisted assessment [105,107,110,
114]. Common cost-reduction levers include low-cost training boxes
and scalable cloud models [110,115]. Reported cost challenges include
hardware, content development, maintenance, and faculty training;
high up-front and integration costs remain common, and few formal
cost-utility analyses exist [47,102,104]. Suggested strategies include
consumer-grade devices, open/reusable content, cloud-plus-edge de-
ployment, shared regional hubs, and partnerships to offset licensing and
support costs [107,114,115].

8.8. Data privacy and security

Privacy, security, and consent are frequently addressed through
de-identification, IRB/REB approval, and informed consent procedures
[47,103,112]. Risks include re-identification from multimodal XR data,
insecure data pipelines, cross-platform sharing, and adversarial vul-
nerabilities in AI models [116,117]. Recommended safeguards include
encryption, access controls, audit logging, data minimization/retention
limits, differential privacy or synthetic data, federated learning, and
governance aligned with GDPR/HIPAA analogues, alongside model
transparency and XR/Al-specific threat modeling [74,102,116,117].

Implications:. To avoid exacerbating inequities, programs should inte-
grate privacy-by-design and formal safety cases with accessibility-first
deployments, and publish context-specific cost-effectiveness data from
LMIC/UMIC pilots e.g., offline/low-bandwidth operation, on-device
inference where privacy or connectivity is constrained, and local data
stewardship [107,109,111,115].

Key gaps:. Few comparative multi-region evaluations, especially in-
volving LMICs, report standardized outcomes for learning, cost, safety,
or equity [106,108,109]. The corpus remains geographically uneven,
ethically aware but inconsistently operationalized, economically prom-
ising yet under-evaluated, and privacy-conscious but with limited real-
world validation of XR/Al-specific safeguards [47,102,114,116]. Key
limitations include the underrepresentation of Sub-Saharan Africa and
lower-income contexts, a lack of long-term outcomes, scarce head-
to-head cost-utility studies, and limited testing of privacy/security
measures in deployed systems [47,106,117].
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Recommended reporting minimums:. Report country/income classifica-
tion, device/bandwidth requirements, accessibility features, bias assess-
ments, consent/anonymization procedures, data governance structures,
security testing (including adversarial robustness), and a cost worksheet
covering devices, licences, content, support, and refresh cycles [112,
115,117].

Priority research needs:. Multicentre LMIC trials, standardized eco-
nomic evaluations, cultural/linguistic adaptation studies, and red-team
evaluations of Al-augmented XR training pipelines [107,109,114,116].

Practical implementation checklist:. Mobile-first/offline modes; cons-
umer-grade hardware; localized content; bias audits; federated or syn-
thetic data; encryption and access controls; audit and incident response;
transparent assessment rubrics; faculty training; and community part-
nerships for equitable rollout [102,112,113,115].

8.9. Methodological limitations

Substantial heterogeneity in study designs (RCTs, quasi-experi-
ments, pre-post single-group studies) and outcome measures limits
comparability and meta-analysis.

Sample sizes varied widely, and many pilots were underpowered.
Reporting on allocation concealment, blinding, and attrition was in-
consistent, introducing potential bias. Most studies lacked cost-effectiv-
eness analysis, limiting assessment of scalability across health system
contexts.

8.10. Implementation barriers

Key barriers to routine adoption of Al-driven characters in XR
curricula include high initial costs, technical complexity, faculty resis-
tance, curriculum misalignment, and sustainability concerns [83,124,
125]. Organizational support is a decisive adoption factor [126,127];
without it, resource constraints and unfamiliarity with XR-AI can stall
integration [128,129]. Even with support, staff trust may dip if rollouts
outpace governance [130]. About 34% of deployments required custom
hardware or proprietary integrations [131]. Lightweight training sys-
tems that reduce local processing needs, e.g., through cloud rendering,
can expand reach [132,133,133-136].

The Consolidated Framework for Implementation Research (CFIR)
offers a structured approach to overcoming these challenges, address-
ing readiness, leadership commitment, resource allocation, sustain-
ability, and stakeholder buy-in [57,58]. CFIR-based integration has
doubled staff compliance and halved onboarding time in some deploy-
ments [137]. As AI-XR systems scale beyond pilots, frameworks like
CFIR will be vital for aligning innovation with institutional capacity.

8.11. Ethics and equity (RQ2 and RQ3)

Ethics and equity remain unevenly addressed. Technical studies
largely focus on performance, accuracy, and usability, with minimal at-
tention to ethical risks or societal impacts [72,86,138]. Conceptual and
review papers more often cover fairness, oversight, and inclusivity [85].
Key concerns include algorithmic bias from non-representative training
data [139,140], automation bias and over-reliance on Al [47,141,142],
data privacy risks from behavioral/biometric capture without robust
governance [127,141], and implementation challenges in resource-
limited settings [85,132,140,143]. Fewer than 10% of reviewed stud-
ies addressed these systematically, with limited LMIC representation
exacerbating inequities [144,145].

Recommendations include mandatory Algorithmic Impact Assess-
ments (AIA) and regular bias audits [144,146], embedding the FAIR
and CARE principles [58], and ensuring human oversight mecha-
nisms [87]. As Singaram et al. note, addressing equity requires not only
mitigation but proactive inclusive design [145].
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Table 4

Summary of cross-cutting challenges and proposed solutions in XR-AlI healthcare simulation research.
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Challenge

Why it is a problem

Suggested solution

Misalignment in assessment modalities between
technical and communication skills

Limits comprehensive training effectiveness;
objective metrics for communication are
underdeveloped

Develop reproducible, validated evaluation
frameworks for socio-emotional competencies;
explore context-aware Al tools Section 4.2

Methodological heterogeneity

Hinders comparability and generalizability of
results; many studies lack empirical rigor

Encourage use of RCTs, mixed-methods designs,
and structured validation tools like CASP [118];
emphasize longitudinal/multi-site studies

Domain-specific variability in outcomes

Overstates utility in technical domains while
underrepresenting challenges in transferrable skill
training

Use domain-specific evaluation frameworks; apply
Cognitive Load Theory (CLT) to structure XR
scenarios more thoughtfully [88,89]

Differential impact based on learner experience

Uniform AI behavior can overwhelm novices or

Implement adaptive modes (e.g., guided, standard,

underserve experts

leadership) and allow manual calibration of
difficulty [90,100]

Institutional and curricular barriers
to scale

Without structural integration, even good tools fail

Apply CFIR to guide sustainable, phased adoption
[119,120]; reduce hardware requirements through
cloud-based delivery

Ethical and equity concerns
and user distrust

Risk of algorithmic harm, poor global applicability,

Use Algorithmic Impact Assessments (AIA)[52,53],
embed FAIR/CARE principles [121], ensure human
oversight, and prioritize upstream inclusion

Lack of standardized validation frameworks
and replication

Undermines efforts for synthesis, benchmarking,

Develop unified validation checklists (e.g., based
on MLASE, HealthBench), with explicit fidelity,
bias, and oversight components [35,122,123]

8.12. Summary of key challenges and solutions

To consolidate the themes outlined in this discussion, Table 4
summarizes the primary challenges identified, their implications, and
the solutions proposed in each subsection.

9. Proposed frameworks

To address the challenges and gaps identified in this review, we
propose an integrated framework, drawn from established models and
modified for Al-driven XR simulation contexts and recent work on
open-ended Al health evaluations such as HealthBench [37]. While
HealthBench focuses on free-form LLM interactions, its methodology,
particularly its rubric-based grading, physician consensus process, and
performance stratification by behavioral axes, offers insights that can
be adapted to the more structured, role-bound nature of simulation
Al-driven characters.

We introduce the DASEX framework, a comprehensive, structured
approach designed to ensure robust evaluation and optimal deployment
of Al-driven healthcare simulations. DASEX aligns with contemporary
evaluation and reporting guidance, including DECIDE-AI for early-stage
clinical evaluation and TRIPOD+AI for transparent reporting of Al-
enabled prediction models [40,51]; it also incorporates recent proposals
for human evaluation of LLMs in healthcare [37]. It directly addresses
the identified challenges across clinical accuracy, adaptive learning,
risk management, teamwork, and transparency. A synthesis of the
foundational frameworks to adopt during simulation development is
summarized in Table 5. Each lens is aligned with a specific research
aim and mapped to relevant research questions (RQs).

9.1. Pedagogical alignment

Al-driven XR simulations align well with Kolb’s experiential learn-
ing cycle—from hands-on engagement to reflective abstraction. Adap-
tive feedback loops, guided resets, and scenario variation help support
deliberate practice.

Integration of Cognitive Load Theory (CLT) is essential: studies
show that emotional complexity in AI-NPC interactions can overload
novice users [96,150]. It is important to align interaction modes with
user cognitive profiles. Future systems should incorporate cognitive-load
telemetry to dynamically adjust difficulty and prevent disengagement [147].
This pedagogical alignment supports more effective skill acquisition,
addressing RQ1.
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9.2. Implementation

Explicit application of CFIR constructs can systematically address
implementation barriers as shown in Fig. 8, including organizational
readiness, technology compatibility, sustainability, and stakeholder en-
gagement.

Structured implementation guided by CFIR enhances practical fea-
sibility, scalability, and stakeholder buy-in across diverse educational
settings [57,58]. Utilizing RE-AIM complements this by tracking long-
term adoption, implementation fidelity, and sustainability. This ap-
proach aligns with RQ2 and ensures Al-driven XR training solutions
meet enduring educational and clinical-impact standards [57].

9.3. Positioning of DASEX

Existing implementation and evaluation frameworks, such as MLASE
and CFIR, do not capture the dynamic, Al-specific behaviors of NPCs
in XR simulations, for example e.g., real-time diagnostic reasoning,
adaptive learner feedback, or bias mitigation. The DASEX framework
addresses this gap through five domains: Diagnosis, Adaptation, Safety,
Engagement, and Transparency. While full validation is pending, the
planned protocol (provided in Appendix A) outlines a multi-coder
reliability study and an iterative refinement process to ensure comple-
mentarity with existing models.

9.3.1. Proposed empirical validation of the DASEX framework

DASEX’s criteria require live AI-XR simulations with interactive
NPCs to assess features such as physiology-driven realism, safety inter-
cepts, and adaptive communication, making retrospective application
to published studies impractical. To address this, an Enhanced Pilot
Validation Study will recruit healthcare trainees to interact with a
functional AI-XR simulation, scored using the 25-item DASEX checklist
alongside independent usability, workload, and self-efficacy measures.
Structured debrief interviews will capture qualitative feedback for
framework refinement, with inter-rater consistency analyzed for relia-
bility. Performance thresholds for different training contexts (e.g., prac-
tice vs. high-stakes assessment) and follow-up measures at Kirkpatrick
Level 3 will be explored. The current review thus provides the concep-
tual basis, and the forthcoming pilot represents DASEX’s operational-
ization and empirical validation.
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Table 5
Strategic lenses for AI-XR integration in healthcare training.
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Lens What to adopt Aim Research question
Pedagogy Kolb-aligned learning cycles with adaptive Prevents overchallenge, reinforces deliberate RQ1: Effectiveness
feedback and CLT-based modulation practice.
[58,95,147-149]
Implementation CFIR for phased roll-out, RE-AIM for life-cycle Aligns technology with institutional readiness & RQ2: Implementation

evaluation [57,58]
MLASE-inspired checklist + rubric scoring & la
HealthBench + HITL safeguards [59,86,87]

Quality assurance

Equity & Ethics
with audit cycles [58,144,145]

FAIR + CARE data principles and mandatory AlAs

long-term impact.

Enables replicability, ethical robustness, and
learner trust.

Promotes inclusivity and transparency.

RQ3: Quality assurance

RQ3: Quality assurance

Intervention
Characteristics

Adaptability

NPC believability and feedback
XR platiorm scalability

Fidelity vs cost

Complexity and usability
Relative advantage

Characteristics of
Individuals

« Knowledge & beliefs about the
intervention

« Seli-efficacy

« Individual stage of change

Inner Setting

« Structural characteristics
« Networks & communications
« Implementation climate:

o Tension for change
o Compatibility

o Relative priority
o Goals & feedback

Outer Setting

Patient needs and resources
Partnerships

LMIC feasability

External policy and incentives
Peer pressure

Process

Planning workshop
Enganging change agents
Executing technical and

operational integration

Fig. 8. Application of CFIR to structure implementation of Al-driven XR healthcare simulations.

9.4. DASEX framework explanation

The DASEX framework provides a structured approach to evaluating
Al-driven healthcare simulations across five axes (Diagnosis, Adapta-
tion, Safety, Engagement and Teamwork, and Explainability) ensur-
ing clinical realism, learner adaptability, risk mitigation, collaborative
training, and transparency.

Diagnosis (D): Clinical accuracy and reasoning robustness
Clinical realism and effective diagnostic training form the corner-
stone of healthcare simulation. The Diagnosis axis emphasizes accurate
initial diagnosis, ensuring Al-generated judgments align closely with
presenting patient features. Active differential management system-
atically evaluates alternative diagnoses using evidence-based reason-
ing. Clinical-pathway fidelity ensures that Al-driven diagnostic actions
strictly adhere to validated clinical standards and protocols. Dynamic
diagnostic updates continually refine diagnoses with new clinical data,
such as vital signs or laboratory results. Diagnostic robustness checks
proactively monitor AI diagnoses, flagging significant deviations from
realistic or expected clinical outcomes to enhance reliability and safety.

Adaptation (A): Personalization and scenario responsiveness
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Personalized and adaptive learning experiences are essential for
optimal educational outcomes. The Adaptation axis tailors scenario
difficulty, feedback, and guidance specifically to individual learners’
demonstrated expertise through learner-profile adaptation. Physiology-
driven realism ensures patient physiological responses accurately re-
flect trainee interventions, such as vital sign changes after fluid ad-
ministration. Emotional state calibration adjusts the intensity of Al
interactions based on trainee stress indicators. Adaptive replay dy-
namically modifies scenarios to reinforce identified trainee skill gaps,
promoting targeted skill improvement. Scenario logic consistency en-
sures Al actions remain logically coherent across adaptive scenario
branches.

Safety (S): Harm prevention and AI risk management

Ensuring patient safety and managing Al-related risks within health-
care simulations is critical. The Safety axis includes intervention plau-
sibility checks to prevent clinically implausible trainee or Al-generated
actions. Strict protocol adherence and escalation mechanisms ensure
compliance with established clinical guidelines, such as ACLS and
NICE. Error interception actively prevents unsafe interventions, includ-
ing medication overdoses or incorrect procedures. Algorithmic bias
safeguards systematically audit AI decisions to detect and mitigate
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Table 6
Checklist format of the DASEX framework for evaluating Al-driven XR healthcare simulations. Each criterion is scored from 1 (poor) to 5 (excellent).
Axis Focus area Criteria Score (1-5)
1. Accurate initial diagnosis First-pass clinical judgment aligns with presenting features. l:‘ D l:l l:l l:‘
b Chnica.l accuracy and 2. Active differential management Systematically rules in/out alternatives using evidence-based logic. l:‘ D l:l l:l l:‘
T€asoning processes 3. Clinical-pathway fidelity Diagnostic actions mirror real-world protocols. L1 L) L [0 L
4. Dynamic diagnostic updates Adjusts diagnosis in response to new data. l:‘ D D D l:‘
5. Diagnostic robustness checks Flags Al diagnoses that deviate from realistic clinical expectations. l:‘ D l:l l:l l:‘
1. Learner-profile adaptation Adjusts difficulty and feedback to learner expertise. l:‘ D l:l l:l l:‘
Personalization and . . . . . . .
2. Physiology-driven realism Vitals evolve plausibly after interventions.
A sconario ysiology plausibly OO0 oo
responsiveness 3. Emotional state calibration Adjusts tone, urgency, or affective feedback based on learner stress l:‘ D D D l:‘
level.
4. Adaptive replay/reinforcement Replay adapts to learner gaps. l:‘ D D D l:‘
5. Scenario logic consistency Ensures Al actions and patient responses remain coherent across l:‘ D D D l:‘
branches.
1. Intervention plausibility check Prevents clinically implausible or dangerous actions. l:‘ D D D l:‘
s I-'Iarm prevention and 2. Protocol adherence & escalation Follows escalation pathways. l:‘ D D D l:‘
risk management 3. Error interception Prevents unsafe actions. l:‘ D l:l l:l l:‘
4. Algorithmic bias safeguards Audits and mitigates Al biases to ensure equitable performance. l:‘ D |:| |:| l:‘
5. Safety audit trail Logs and reports events. l:‘ D D D l:‘
1. Turn-taking coordination logic Maintains procedural order and prevents conflicting actions. l:‘ D D D l:‘
Collaboration - .
’ 2. Structured communication Uses SBAR or equivalent.
E communication, and q l:‘ D l:l l:l l:‘
user experience 3. Coordination efficiency Prevents duplication or missed actions. l:‘ D l:l l:l l:‘
4. Trust monitoring & calibration Measures and adapts to trainee trust in AL l:‘ D D D l:‘
5. Contextual debrief anchoring Links simulation events to learning points for structured reflection. l:‘ D D D l:‘
1. Transparent reasoning logs Al decision processes are logged and reviewable. l:‘ D l:l l:l l:‘
Transparency and . . . .
2. Evidence alignment References clinical guidance.
X evidence-based § 8 l:‘ D l:l l:l l:‘
reasoning 3. On-demand explanations Explanations toggle for clarity. l:‘ D D D l:‘
4. Persistent documentation Logs actions and reasoning. l:‘ D D D l:‘
5. Counterfactual rationale generation Provides alternative outcome explanations for comparison. l:‘ D l:l l:l l:‘

biases, promoting equitable and safe AI performance. Comprehensive
safety audit trails transparently log safety-related Al decisions and
interventions, facilitating thorough quality assurance and review pro-
cesses.

Engagement and Teamwork (E): Collaboration and trust-aware
user experience

Effective teamwork and clear communication are essential clinical
competencies. The Engagement and Teamwork axis emphasizes turn-
taking coordination logic to maintain procedural order and prevent
action conflicts or duplications. Structured communication frameworks,
such as SBAR and closed-loop communication, guide clear interac-
tions. Workflow coordination efficiency ensures seamless Al-human
teamwork, avoiding redundancies and oversights. Trust monitoring and
calibration explicitly measures trainee trust in Al using defined metrics,
dynamically adjusting Al interaction levels to maintain optimal trust
levels. Contextual debrief anchoring links simulation events directly to
teamwork and collaboration objectives, facilitating structured reflective
learning.

Explainability (X): Transparency and evidence-based Al decision-
making

Transparency and evidence-based reasoning underpin learner trust
and educational credibility in Al-driven simulations. The Explainability
axis includes transparent reasoning logs, explicitly documenting Al
decision-making processes for learner review and audit. Authoritative
evidence alignment ensures Al recommendations reference recognized
clinical guidelines, such as NICE or WHO, reinforcing educational
validity. On-demand explanation granularity allows learners to control
the detail of AI explanations, matching cognitive and experiential
needs. Persistent documentation systematically records comprehensive
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AI decision logs for validation and reflective learning. Counterfactual
decision explanations clearly articulate why alternative clinical actions
were not selected, deepening learner clinical reasoning and critical
thinking (see Table 6). .

9.5. Implications for practice and research

For educators, these findings suggest that Al-driven extended reality
(XR) can enhance learner engagement and skill acquisition; however,
adoption should be guided by robust quality assurance processes and
grounded in established educational theory to ensure pedagogical fi-
delity and safety. For researchers, key priorities include conducting
multi-site, adequately powered randomized controlled trials using stan-
dardized outcome measures to improve comparability and generaliz-
ability. There is also a need to evaluate long-term knowledge retention
and transfer of skills to real-world clinical practice, as current evidence
is largely confined to immediate post-intervention outcomes. Geograph-
ically, the evidence base must expand to include low and middle in-
come countries to address equity and scalability. Future studies should
routinely incorporate cost and implementation feasibility analyses to
inform policy and institutional investment. Finally, domain-specific
evaluation frameworks, such as DASEX for Al-enhanced simulations,
require empirical validation to support consistent, transparent, and safe
deployment of Al-driven characters in healthcare training.

9.6. Limitations of the review
Our exclusion of non-English literature and most gray literature

may have omitted innovative work, particularly from regions where
English is not the primary language of publication. While targeted ACM
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searches and citation snowballing partially addressed this, the risk of
geographic bias remains, potentially excluding relevant developments
from countries with significant XR and AI innovation where English
is not the dominant language. The exclusion of broader gray litera-
ture, including industry whitepapers and non-peer-reviewed technical
reports, may also have omitted emerging but unpublished work. Formal
small-study effect tests (e.g., Egger’s) were only feasible when k > 10;
most outcomes had insufficient studies for reliable testing. Given the
rapid pace of Al development, studies published after the search cut-
off (July 2025) may reflect substantive technological advances not
captured here.
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