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Abstract

Digital health technologies are reshaping professional healthcare training by enabling more
adaptable approaches to clinical simulation, health communication practice, learner as-
sessment, and adaptive learning. However, existing approaches often address these skills
separately, with limited integration of clinical reasoning, competence-focused assessment,
dynamic simulated-patient responses, patient-centered communication, and adaptive feed-
back within a single learning cycle. This article presents an evidence-informed conceptual
framework for Al-based adaptive clinical simulation and health communication in health-
care training. A structured literature review and conceptual synthesis were used to identify
educational requirements and design implications across six domains: clinical reasoning,
generative artificial intelligence, simulation and virtual patients, patient-centered communi-
cation and empathy, competency-oriented assessment and adaptive learning, and safety
and governance. The proposed framework incorporates seven design requirements within
an 11-stage closed loop linking learner interaction, behavior capture, simulated-patient
state updating, assessment, adaptive response, performance analytics, feedback, and sce-
nario progression. The simulated patient is represented through interconnected clinical,
informational, affective, and interactional states, allowing learner behavior to influence
subsequent information disclosure and interaction within predefined educational and safety
boundaries. Competency standards, clinical guardrails, escalation rules, and high-stakes
decisions remain under educator and institutional governance. The framework is pro-
posed as a conceptual design model rather than a validated educational intervention. Its
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safety, educational effectiveness, retention, and behavioral transfer before claims regarding
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1. Introduction
1.1. Digital Transformation in Healthcare Training

Digital technologies are increasingly becoming a part of clinical practice. The adop-
tion of electronic health records (EHRs), telehealth, clinical decision support systems,
data-driven care, mobile health apps, and artificial intelligence (Al) impacts the way that
professionals access, interpret, communicate, and act on clinical information. Thus, training
must not only impart knowledge and procedural skills to learners, but also clinical reason-
ing, communication and collaboration, and decision-making skills in technology-mediated
environments [1-3].

For repeated practice in a controlled setting, simulation is a suitable educational tool
to allow learners to practice specific competencies, provide feedback, and learn from mis-
takes without putting patients at unnecessary risk. Simulation is not just about fidelity;
it is also about purposeful design, clear goals, deliberate practice, progressive challenge,
feedback, and curricular integration [1,2]. Virtual patients further these concepts by of-
fering a structured opportunity to practice clinical information gathering, reasoning, and
communication in a low-risk environment. Evidence from systematic reviews supports
their educational potential, although substantial heterogeneity remains in case design,
implementation, outcomes, and study quality [4].

Generative Al is another opportunity to create more flexible and responsive simu-
lated encounters. Generative Al can facilitate open-ended interaction, where learners ask
questions, explain things, and make decisions in their own words, not just in the limited
branches or answer options provided. There is recent evidence of the increasing use of
generative-Al-supported virtual patients in health professions education, with positive
results regarding feasibility and selected learning outcomes, and significant variation in
design, evaluation, educational foundation, and interactional complexity [5,6]. The most
recent systematic review of virtual patients supported by GenAl also highlighted the contin-
ued lack of emotional-behavioral complexity, adaptability, theoretical support, standardized
design, and longitudinal rigorous evaluation [5].

1.2. AI-Based Simulation and Virtual Patients

Conventional virtual patients use a structured case, branching logic, or predefined
responses. Generative Al can enhance interactional flexibility, enabling learners to ask
open-ended questions and receive context-sensitive responses [4-6]. Generative-Al-based
virtual patients are increasingly used in the health professions. Research suggests that
generative Al can support health professions” education, although the evidence remains
heterogeneous and key limitations persist in adaptability, emotional-behavioral complexity,
educational grounding, and evaluation [5,6].

The main educational challenge, therefore, is not simply the ability of an Al system to
generate fluent dialog. The responses from Al should be consistent with the clinical scenario,
simulated-patient state, learner behavior, and intended competency. If this is not integrated,
then the responses may be plausible but not educationally appropriate or not in line with the
encounter. This underscores the importance of an architecture that integrates Al-generated
interactions with clinical reasoning, communication, competency-based assessment, and
adaptive feedback.

1.3. The Integration Gap

Current studies address the elements of Al-supported clinical training separately:
simulation and deliberate practice with feedback [1,2]; virtual patients for clinical reasoning
and information gathering [4]; flexible interaction with generative Al [5,6]; patient-centered
communication and observable communication and empathy-related behaviors [7,8];
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competency-based education that links performance to defined competencies [9]; and
Al assessment and governance, including validity, safety, and human oversight [10,11].

The key challenge is the ability to combine these features into a single adaptive learning
loop. Existing approaches have yet to establish an architecture that sufficiently links per-
sistent simulated-patient state, communication, learner behavior, competency assessment,
clinical reasoning, adaptive feedback, and governance. This article does not introduce a
new individual competency for Al, but rather a conceptual framework that brings these
elements together in a coordinated way, based on evidence, and around a simulated clinical
encounter that evolves.

1.4. Aim and Contribution

This article suggests an evidence-informed conceptual model for the use of Al for
adaptive clinical simulation and health communication in professional healthcare training.
It combines elements of simulation-based education, virtual patients, generative Al, patient-
centered communication, adaptive learning, learning analytics, and Al governance into a
coherent structure.

The purpose of this framework is to be conceptual, rather than to represent a new
Al technology or to illustrate the effectiveness of education. Rather, it describes the ways
in which clinical context, dynamic simulated-patient state, learner behavior, reasoning,
communication, adaptation, assessment, feedback, and governance can be integrated into a
single training context. Three questions guide the synthesis: What requirements identified
in the literature should the architecture support? How can these requirements be integrated
into a coherent architecture? How should the architecture be validated before claims are
made regarding educational or clinical effectiveness?

2. Methods
2.1. Review Design

This article adopts a structured narrative review and conceptual-synthesis method to
pinpoint the educational, clinical, and technological needs for adaptive clinical simulation
and health communication using Al in professional healthcare education. We have selected
this approach to integrate a variety of evidence from health professions’ education, clinical
simulation, virtual patients, generative artificial intelligence (Al), patient-centered commu-
nication, competency-based education, adaptive learning, assessment, and Al governance,
and to translate this into a coherent conceptual architecture. The review is conceptually
organized around the evidence domains and design questions, and does not make stronger
claims that would necessitate a systematic review, formal risk-of-bias assessment, or meta-
analysis [12]. The intent was not to measure an overall intervention effect or to determine
the relative effectiveness of current technologies.

The resulting framework is not a proven educational intervention or evidence that
an integrated Al environment is better than current approaches, but rather a conceptual
architecture based on evidence.

2.2. Evidence Identification and Selection

The evidence identification search process was iterative and domain-based, using
PubMed and the relevant publisher and authoritative organizational literature. The six
broad search concept areas were artificial intelligence and generative Al; health profes-
sions education and competency-based education; clinical simulation and virtual patients;
patient-centered communication and empathy; adaptive learning, assessment, and learning
analytics; and Al safety, ethics, and governance. The recent literature on Al was prioritized,
while retaining seminal educational and simulation studies still relevant to the proposed ar-
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chitecture. Representative search combinations included Al with education and simulation
terms (e.g., generative Al/large language model with health professions education; vir-
tual patient/clinical simulation with communication, empathy, or reasoning; and adaptive
learning/learning analytics with assessment).

Sources that contributed to at least one of four purposes within the conceptual synthesis
were retained: (i) educational principle; (ii) design requirement identification; (iii) identi-
fying a limitation, risk, or governance condition; or (iv) validation evidence. Importance
was given to systematic reviews of virtual patients, the literature on clinical simulation,
consensus or guidance documents, meta-analyses, framework-development studies, and Al
in health professions education.

Because it was a structured narrative review, the source set was assembled for con-
ceptual relevance and design utility rather than for exhaustive statistical aggregation.
The sources were then organized by their contribution to the six evidence domains
described below.

Search dates, complete search strings, and the numbers of records identified, screened,
and excluded were not recorded during this iterative search. They are therefore not reported,
and no flow diagram is presented, rather than being reconstructed retrospectively. What can
be reported is the composition of the resulting evidence base. The final set comprises 38 refer-
ences published between 2005 and 2026: 11 systematic reviews or meta-analyses, six scoping,
critical, or comparative reviews, two guidance documents, nine conceptual, methodological,
policy, or validation-framework papers, and ten primary empirical or technical studies. Tar-
geted searches on assessment validation and on intelligent tutoring and adaptive-simulation
comparators (Section 6.1) supplemented the initial domain-based search.

Evidence identification, selection, and categorization were performed by one author
without independent duplicate screening. To mitigate this limitation, each framework
element is labeled by provenance (Section 2.3), and the supporting references for each
design requirement are provided in Section 3.9. While this approach enhances transparency,
it does not render the search reproducible (Section 9.4).

2.3. Conceptual Synthesis

The evidence was categorized into six areas: (1) simulation and virtual patients;
(2) clinical reasoning; (3) generative Al; (4) patient-centered communication and empathy;
(5) competency-oriented assessment and adaptive learning; and (6) safety and governance.
The synthesis used these domains to identify recurring educational needs, capabilities,
limitations, and safety conditions.

The proposed architecture is conceptual, and the synthesis does not state that the
system has been empirically validated. The synthesis was based on the logic of need,
requirement, capability, and feedback loop. Educational needs and limitations were trans-
lated into explicit design requirements, which were mapped to capabilities within the
proposed architecture, and then those capabilities were linked through a recursive learner—
patient-assessment cycle in which defined competencies interpret performance, learner
behavior influences the simulated encounter, and feedback informs subsequent learning
opportunities. This process is based on the conceptual-framework development approach,
with the claims of the conceptual framework being linked to the evidence [13].

Three levels of provenance were identified and included in the proposed framework
when translating the evidence. Literature-derived elements are educational principles,
findings, limitations, or governance conditions that are directly supported by the reviewed
sources. Synthesis-derived elements are relationships or implications that are drawn by
synthesizing evidence across the six domains. The author-proposed design elements are
the architectural decisions that were made to operationalize the synthesis, such as the
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organization of the seven design requirements, the four simulated-patient state dimensions,
and the 11-stage closed-loop architecture.

This distinction was kept to prevent conceptual design decisions from appearing as
empirical results. The resulting architecture is thus a conceptual synthesis based on evidence,
and the elements of this architecture must be tested empirically before claims can be made
about educational effectiveness, behavioral transfer, or clinical outcomes. The relationships
between evidence and design are explicitly stated in the following traceability analysis.

3. Theoretical Foundation and Evidence Synthesis
3.1. Theoretical Foundation

The framework does not introduce a new learning theory but rather builds on the exist-
ing principles of simulation-based education, virtual-patient learning, patient-centered com-
munication, competency-based education, adaptive learning, and Al governance [1,2,4-11].
First, simulation can facilitate deliberate practice when learning goals, observable per-
formance, and feedback are clearly specified [1,2]. Second, virtual patients offer a con-
trolled setting for information collection, decision-making, and clinical reasoning [4]. Third,
patient-centered communication and empathy are observable behaviors that include asking
about concerns, recognizing emotions, providing options, and assisting in shared decision-
making [7,8]. Fourth, competency-based education must have a traceable relationship
between observable performance and defined competencies [9,11]. Fifth, adaptive learning
can adjust challenge and feedback while preserving competency standards defined exter-
nally by educators or validated frameworks [11,14]. Finally, Al governance must be safe,
transparent, accountable, and human-controlled [10,15,16].

These principles form a learning cycle in which learner behavior shapes the simulated
encounter, the encounter generates observable performance, performance is interpreted
against defined competencies, and feedback informs subsequent learning.

3.2. Simulation and Deliberate Practice

Simulation is educationally valuable when its design supports defined learning ob-
jectives, deliberate practice, feedback, and progression rather than technological realism
alone [1,2]. Accordingly, conversational realism in Al-based simulation should serve identifi-
able educational purposes by creating opportunities to demonstrate observable competencies.

The proposed architecture therefore treats the clinical encounter as the unit of prac-
tice, linking learner interaction, performance evidence, feedback, and subsequent scenario
progression. Additional technological complexity is justified only when it supports these
educational functions.

3.3. Virtual Patients and Clinical Reasoning

Existing virtual-patient approaches vary in case design, interaction, outcomes, and
implementation. However, virtual patients provide opportunities to practice information
gathering, decision-making, and clinical reasoning in a controlled environment [4].

Al virtual patients need to be consistent throughout the encounter. The simulated
patient should be able to keep the relevant clinical information, previous disclosures, unre-
solved concerns, and interactional context for later responses to ensure that the responses
are consistent with the developing case. This is not a claim that the current systems already
have the proposed state architecture, but rather a synthesis-derived design requirement.

3.4. Generative Al and Conversational Learning

Generative Al and large language models facilitate a wide range of interactions, content
generation, custom learning experiences, and assessment-related capabilities [5,6,17-19].
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However, the current evidence is still inconsistent and cannot confirm that Al-driven inter-
actions can be a substitute for teachers or real clinical practice [5,17,19].

The main design implication is bounded generation. Validated scenario information,
the active simulated-patient state, learning objectives, competency criteria, and clinical
safety rules should constrain Al-generated responses. If there is model uncertainty that
may have a significant effect on the educational or clinical significance of an encounter, then
constraints and human review should be prioritized over unconstrained generation.

3.5. Practicing Difficult Conversations

Patient-centered communication involves actively asking about concerns and prefer-
ences, listening to patients, providing clear information, acknowledging emotions, and
encouraging shared decision-making [7]. These behaviors provide concrete objectives
for communication training, and evidence from virtual-patient approaches suggests that
they may offer opportunities to practice empathy-related behaviors, although evidence of
durable gains in learners’ empathy or in real-patient communication remains limited [8].

The proposed architecture does not consider communication as a mere conversation,
but as a consequential behavior. Learner questions, explanations, emotional acknowl-
edgment and communication style may affect the simulated disclosure of information,
cooperation or scenario progression. This is to support the practice of communication skills,
not to suggest that simulated affect is a simulation of human affect. It is not yet proven
that the use of Al simulation enhances communication or empathy results; the proposed
architecture provides a basis for testing these outcomes, but does not establish that they
have improved.

3.6. Competency and Adaptive Learning

Interpretation of performance in relation to defined, context-dependent competencies
is a key requirement of competency-based education [9]. The proposed framework thus
differentiates between three levels of representation:

Learner behavior — behavioral indicator — competency judgment.

For instance, during a medication adherence encounter, asking about the complexity
of the medication regimen, beliefs, cost, or other barriers may be behavioral evidence of
patient-centered information gathering. The indicator can then be used to assess a defined
communication or clinical-management competency. The transcript is not considered proof
of competence without contextual interpretation.

Competency standards and assessment criteria should be developed by educators or
validated competency frameworks, not by the Al system [9,11].

3.7. Assessment and Learning Analytics

The learning pathway should be adjusted to accommodate adaptive learning, not the
competency standard. Learning analytics can aid adaptation by transforming interaction
data into information about performance trajectories, but the length of the response, the
number of words, or individual keywords are not good proxies for competence [11]. As-
sessment should be based on predetermined behavioral indicators that are associated with
specific competencies. Automated assessment can lead to false precision; the handling of
uncertainty is specified in Section 4.4.

3.8. Safety and Governance

The use of Al in healthcare training comes with potential risks such as inaccuracies
or inconsistencies in the content, bias, privacy issues, automation bias, and the poten-
tial for overreliance on Al-generated information [10,20-24]. Governance mechanisms
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for these risks should be incorporated into the architecture rather than treated solely as
external considerations.

The framework therefore proposes expert-reviewed scenario specifications, generation
boundaries, data minimization, auditability, fairness testing, escalation rules, and human
oversight as design safeguards; their implementation and effectiveness still require empirical
evaluation. High-stakes assessment, certification, progression and remediation decisions
are subject to qualified educator and institutional authority until system reliability and
validity are empirically established [10].

3.9. Design Requirements

The synthesis across the six evidence domains yields seven proposed design require-
ments for an Al-based adaptive clinical simulation environment. These requirements are
translated into architectural functions through recurring educational needs, technological
capabilities, and governance conditions. The requirements, their educational rationale, the
literature that supports them, and the design response are summarized in Table 1.

Table 1. Evidence-informed design requirements and evidence-to-design traceability for Al-based
clinical simulation and health communication.

Proposed Design Evidence Basis and Supporting . Design
E ional .

Response Provenance References ducational Need Requirement

The literature on
Maintain scenario facts, virtual-patient learning Clinicallv coherent
encounter history, and and clinically grounded Y R1. Context

. [4,21] reasoning and

relevant learner actions Al communication awareness
across interactions. Requirement: synthesis

derived.

The literature on virtual
Represent and update patlentg, Continuity and
clinical, informational generative-Al-supported consequential R2. Dynamic

L _ ! simulation, and empathy  [4,5,8] . g

affective, and interactional raining learner—patient patient state
states. Requirement: synthesis interaction

derived.

The literature on
Link simulated-patient patlent—cgntgred Practice of

. communication and ) .

disclosure and ) patient-centered R3. Responsive
. . empathy-related [7,8] I L
interactional responses to behaviors communication communication
learner communication. . ) and empathy

Requirement: literature

derived.
Adjust scenario difficulty,  The literature on
scaffolding, and practice =~ Al-supported educational Individualized
according to assessed assessment and adaptive [11,14] challenge and R4. Adaptive

learning needs, within
predefined educational
boundaries.

learning
Requirement: literature
derived.

targeted practice

learning
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Table 1. Cont.
Proposed Design Evidence Basis and Supporting Educational Need De:51gn
Response Provenance References Requirement
The literature on
Map observable learner competency-based Meaningful,

. . . . R5. Competency-
behaviors to predefined education and assessment [9,11] defensible oriented
performance indicators principles ! evaluation of

o . . assessment
and competency criteria. Requirement: literature performance
derived.
The literature on
Provide behavior-linked simulation-based learning, Actionable
formative feedback and feedback, and educational [1,2,11] improvement and R6. Feedback and
track performance assessment " monitored learning learning analytics
over time. Requirement: literature progression
derived.
Apply constrained Guidance and research
generation, monitoring, concerning Al .
auditability, data governance, model risks, Chmca.l and R7. Safety and
. et [10,15,16,22,24]  educational
protection, safety and reliability . governance
. ) . trustworthiness
escalation, and human Requirement: literature
oversight. derived.

Note: R1-R7 denote the seven design requirements. Provenance categories follow Section 2.3: liter-
ature derived (directly supported by the cited sources), synthesis derived (inferred by integrating
evidence across the six domains), and author proposed (design decisions introduced by the au-
thors). Requirement labels indicate the provenance of the underlying need; the organization of the
requirements and all design responses are author proposed.

The requirements are not given as independently validated features. Instead, they
are the design basis that has been synthesized and on which the proposed architecture is
built. The evidence sources and the difference between evidence from the literature, syn-
thesis inference, and author-proposed implementation are explicitly stated in the following
evidence-to-design traceability analysis.

The seven requirements are not implemented in isolation. They are coordinated
through an integrated adaptive learning loop (Section 4). The need for such coordina-
tion is a synthesis-derived inference from the cross-domain evidence [1,2,4-11,14], whereas
its specific 11-stage organization is an author-proposed design decision.

4. Proposed Framework Architecture
4.1. Conceptual Definition

The proposed framework is an evidence-informed conceptual architecture that inte-
grates adaptive clinical simulation, patient-centered communication, competency-oriented
assessment, and formative feedback within an 11-stage closed loop (Figure 1). Unlike a fixed
branching case, the proposed system allows learner behavior to influence the simulated-
patient state, subsequent information disclosure, assessment, and learning pathway.

Al supports interpretation, response generation, analytics, and bounded adaptation.
Educators and institutions retain authority over competency standards, clinical guardrails,
escalation, high-stakes assessment, and progression.
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Figure 1. Closed-loop architecture for Al-based clinical simulation and health communication.

4.2. Dynamic Simulated-Patient State

The simulated patient is represented by four dimensions of state, which are connected:

Clinical state: symptoms, findings, relevant history, disease course, and scenario-
defined clinical facts.

Informational state: what the patient knows, remembers, has disclosed, or is permitted
to disclose at this point in the encounter.

Affective state: scenario-defined emotional cues, e.g., fear, frustration, uncertainty,
reassurance.

Interactional state: rapport, trust, unresolved concerns, prior learner responses, and
the trajectory of the interaction.

The system reads the learner’s behavior and the state of the system at every interaction
and applies the rules of the scenario. A state variable is only changed if a scenario rule or
event is defined to support the change. For instance, a well-asked question that is phrased
in a relevant way can elicit a symptom that has not been mentioned before, and dismissing
a concern can change the interactional state and the simulated patient’s willingness to
cooperate. Clinical facts should be consistent with the case specification, and affective
changes should be within the boundaries of the scenarios.

State updates are carried over the encounter and feed into patient responses and
assessments. The four dimensions can affect each other, but any change must be traceable to
the learner’s behavior, a scenario event, or an approved rule. These states are not intended
to be a representation of a real patient’s internal psychological processes, but rather an
educational tool.

Representation. Each state dimension is held as a structured record that the language
model can read but cannot overwrite. The clinical state stores case-specification facts (for
example, symptom, onset, and severity) as fixed values. The informational state stores,
for each fact, a disclosure status (undisclosed or disclosed), the learner behaviors that
unlock it, and the turn at which it was disclosed. The affective and interactional states
are ordinal variables (for example, low, moderate, or high), each with scenario-defined
bounds, together with a list of unresolved concerns and a turn-by-turn interaction log.
Only disclosure flags and the affective and interactional variables can change during an
encounter; clinical facts cannot.
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Context interpretation and transition rules. In each turn, context interpretation classifies
the learner’s input into predefined behavior types (for example, open question about
barriers, acknowledgement of emotion, premature advice, or dismissal of a concern) using
the case specification, the encounter history, and the current state, and attaches a confidence
value. It does not infer unobserved learner intent. Transition rules are educator-authored
condition—action pairs: if a behavior of a given type is detected at or above a confidence
threshold, a specified change is applied (for example, unlocking a fact, or raising or lowering
an ordinal variable by one step) within the variable’s bounds. The weight of a learner action
is expressed by the size of the change its rule permits, and no variable moves more than
one step per turn, so that a single action cannot reverse the encounter.

Conflicting inputs and uncertainty. When one turn triggers rules with opposing ef-
fects (for example, acknowledging an emotion while dismissing a concern), the educator-
specified precedence applies, and clinical-consistency and safety rules take precedence over
affective and interactional rules. Where no precedence is specified, or when classification
confidence is below the threshold, no state variable changes, the patient responds neutrally
or asks the learner to clarify, and the turn is flagged for review. Before any generated
response is delivered, it is checked against the clinical facts and disclosure flags; a response
that contradicts them is blocked and replaced by a scripted fallback, and the deviation is
logged (Section 8.4).

Worked example. In a medication-adherence case, a cost barrier is initially undisclosed
(informational state), and trust is moderate (interactional state). The learner asks, “Is it ever
difficult to afford your tablets?” The turn is classified as an open question about barriers
(with high confidence, above an educator-set threshold), so the cost barrier is disclosed,
and trust rises one step. The learner then says, “You just need to take them as prescribed.”
This is classified as dismissal of a concern, so trust falls one step and the patient gives a brief,
guarded reply with no new disclosure. A later turn (“So how are things?”) is classified
with low confidence, below the threshold, so no state changes and the patient asks what
the learner would like to know. Threshold and step values would need to be set empirically
(Section 7.1).

4.3. Integrated Reasoning and Communication

Clinical reasoning and communication are assessed together because the information
available for clinical interpretation can depend on both the learner’s questions and how those
questions are asked. The system therefore captures observable verbal, decision-making,
and interactional behaviors in the context of the case.

Assessment follows the behavior — indicator —» competency sequence defined in
Section 3.6; Section 4.5 specifies how indicator evidence is converted into competency judgments.

4.4. Adaptive Response and Scenario Progression

Adaptation operates at three levels: interaction, scenario, and learning pathway. At
the interaction level, the simulated patient responds according to learner behavior and the
current state. At the scenario level, information availability, complexity, or scaffolding may
change within predefined case rules. At the learning-pathway level, subsequent practice
can target competencies for which performance evidence indicates a learning need.

Repeated evidence of satisfactory performance may justify increased complexity,
whereas recurrent errors may prompt structured hints, targeted practice, or additional
feedback. As an illustrative default, complexity increases only after satisfactory perfor-
mance on the relevant indicators across at least three consecutive encounters, and support
increases after recurrent errors on the same indicator across at least two encounters; judg-
ments below the confidence threshold or flagged for review count toward neither rule.
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Assessment uncertainty is a clear protection. If there is not enough evidence, conflict-
ing evidence, or evidence that may be misinterpreted, the system should ask for additional
evidence or mark the assessment for educator review. A low-confidence judgment should
not automatically lead to a penalty to a learner or to progression, certification, or reme-
diation. Teachers need to be able to see the evidence and to override any inappropriate
adaptations. Judgments of low confidence, disputed, or unreviewed should not be used
to make adaptive decisions until the evidence has been reviewed or enough additional
evidence has been gathered.

4.5. Assessment and Feedback

Assessment combines observable behavior, contextual interpretation, predefined indi-
cators, and competency criteria. Feedback should identify the observed behavior, explain its
relevance to the learning objective, and recommend a specific improvement. For example,
feedback may identify a missed adherence barrier and recommend exploring the patient’s
practical constraints before discussing treatment options.

Assessment thresholds and rubric criteria should be defined before deployment. Their va-
lidity, reliability, and agreement with qualified human assessors must be evaluated empirically.

Producing a competency judgment. An analytic rubric specifies, for each competency,
the indicators, descriptors for each performance level, and examples of qualifying and
non-qualifying behavior. For each indicator, the AI component returns an ordinal rating,
the supporting transcript excerpts, and a confidence value. Indicator ratings are aggregated
into a competency judgment by an educator-defined rule (for example, a minimum number
of indicators at the expected level and no critical indicator missed), and cut scores are set
through a documented standard-setting procedure with expert panels, not by the model.

Validity evidence. Validity evidence would be generated against an explicit interpretation—
use argument, organized around the scoring, generalization, extrapolation, and implica-
tions inferences of Kane’s framework [25,26]. Scoring evidence is the agreement between
Al-supported and expert ratings; generalization evidence is the stability of scores across sce-
narios, raters, and occasions; extrapolation evidence is the relationship with independently
assessed performance, such as standardized-patient or workplace-based ratings; and impli-
cations evidence concerns the consequences of feedback, standard setting, and decisions.

Reference standard, agreement, and calibration. The reference standard would be the
consensus of at least two trained expert raters who are blinded to the Al output. Human-
human agreement is established first, because Al-expert agreement cannot be interpreted
beyond the reliability of the experts themselves. Agreement is reported with confidence
intervals, using intraclass correlation coefficients for continuous scores and weighted kappa
for ordinal ratings [27]. Al confidence values are then calibrated against expert ratings on
a held-out set: judgments reported with high confidence should agree with the experts
at least as well as expert raters agree with one another, and the confidence threshold for
automated use rather than educator review is set to achieve this. Calibration is repeated
when scenarios, languages, or learner populations change.

Cultural and linguistic variation. Rubrics describe functional behaviors (for example,
acknowledging a stated concern) rather than specific phrases, and expert panels include
raters familiar with the learners’ languages and communication norms. Agreement and
score distributions are compared across subgroups defined by first language, accent or
dialect (where speech is transcribed), and cultural background. Systematic differences
trigger rubric revision, and atypical but functionally appropriate expressions are referred
for human review rather than scored as absent.

Feedback remains formative until the relevant assessment process has demonstrated
adequate validity and reliability for its intended use. Educators must be able to inspect the
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supporting evidence, correct inappropriate interpretations, and determine when further

teaching or remediation is needed [11].

Table 2 operationalizes the 11 stages by specifying their principal inputs, actions,

outputs, and control boundaries.

Table 2. Operational stages of the proposed closed-loop architecture.

Control Boundary

Output

Input and Operation

Stage

Learner action.

Interaction or decision
data.

Learner asks questions, explains,
or makes decisions.

1. Learner interaction

Al-supported extraction;
preserve source evidence.

Structured behavior record.

Capture relevant verbal,
decision-making, and
interactional behaviors.

2. Behavior capture

Scenario rules and learning
objectives constrain
interpretation.

Contextualized behavior
interpretation.

Interpret behavior against case
facts, encounter history, and
learning objectives.

3. Context
interpretation

Case consistency and
predefined transition rules.

Updated, persistent state.

Apply authorized update rules
to clinical, informational,
affective, and interactional
states.

4. Patient-state update

Educator-defined rubric;
uncertainty retained.

Provisional assessment
with supporting evidence.

Map contextualized behavior to
indicators and competency
criteria.

5. Reasoning and
communication
assessment

Generation constraints and
educator-defined rules.

Candidate response or
action.

Select a response based on the
updated state, learner behavior,
and scenario objectives.

6. Adaptive response

Clinical guardrails and
bounded generation.

State-consistent patient
response.

Generate dialog or behavior
consistent with the state and
case specification.

7. Simulated-patient
response

Do not treat proxies as
validated competence.

Performance profile and
uncertainty flags.

Aggregate interaction evidence
and relevant competency
indicators over time.

8. Performance
analytics

Educator review when
evidence is uncertain or
consequential.

Specific formative feedback
and next-step
recommendation.

Compare observed behavior
with defined criteria and
identify learning needs.

9. Personalized
feedback

Curriculum rules; no
autonomous high-stakes
progression.

Revised learning
opportunity.

Adjust difficulty, scaffolding, or
targeted practice according to
supported learning needs.

10. Scenario
adaptation

Persistent case rules and
educator oversight.

New interaction feeding
the next cycle.

Continue with the updated state
and selected learning
opportunity.

11. Next interaction

5. Applications in Professional Healthcare Training

The proposed architecture can be applied across clinical history-taking, clinical reason-

ing, patient-centered communication, shared decision-making, interprofessional training,

and competency-oriented assessment. The scenarios below are idealized illustrations of

how the architecture is intended to operate; they do not represent implemented or validated

interventions, and Section 5.6.2 considers how they may fail.
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5.1. Clinical History-Taking

Clinical history-taking can be represented as a context-dependent process of informa-
tion gathering rather than a fixed sequence of questions. The simulated patient’s disclosures
are based on the scenario specification, the information already obtained, and the relevance
of the learner’s questions. Assessment can then take into account whether relevant informa-
tion was gathered, how questions were prioritized, whether important cues were identified,
and whether communication facilitated effective information gathering.

For instance, in a simulated scenario of undifferentiated abdominal pain, the relevant
symptoms can be revealed in response to the right questions, but not in a fixed sequence.
Observable behaviors can be linked to indicators of relevant history, clinically important
cues, and follow-up questions. Feedback can then be directed at information that was not
covered, or questions that were not effective, and subsequent practice can be directed at the
learner’s identified needs. The clinical facts and disclosure rules should be consistent with
the educator-defined case.

5.2. Clinical Reasoning

Clinical reasoning is a process of gathering information, generating hypotheses, inter-
preting, prioritizing, and making decisions, which is iterative. The proposed architecture
can enable practice by enabling the simulated encounter to react to the learner’s actions
within a set of clinical boundaries. New information, changing priorities of the scenarios, or
missing cues may cause the learner to re-evaluate an interpretation or re-think a decision.

The educational emphasis is not only on whether the learner achieves the desired
answer, but whether the process of thinking is suitable to the information that is available at
that stage of the encounter. Feedback can highlight missed cues, unsupported conclusions,
premature closure, or lack of reassessment. This practice can be used in addition to super-
vised clinical exposure but cannot be taken for granted to be a substitute for authentic clinical
experience or to prove that it enhances clinical performance without empirical testing.

5.3. Communication and Empathy

Simulated encounters involving serious diagnoses, uncertainty, anger, fear, treatment
concerns, or distress can provide structured opportunities to practice difficult communica-
tion. Within the proposed architecture, scenario-defined affective and interactional states
may change in response to observable learner behaviors, such as acknowledging concerns,
explaining information clearly, responding to emotion, or dismissing a patient’s perspective.

Assessment should focus on specified behaviors—including acknowledgment of con-
cerns, clarity, responsiveness, and appropriate explanation—rather than conversational
fluency alone. Feedback can identify which behaviors were demonstrated, which were
missed, and how the interaction might be improved. However, successful use of empathic
language in a simulation does not establish that a learner has developed genuine empathy or
will demonstrate equivalent behavior with real patients. The proposed application therefore
supports structured practice and behavior-based feedback, not an unqualified claim about
emotional development [8]. Direct evidence that Al-driven simulation enhances learners’
communication or empathic competence, as distinct from providing opportunities for re-
hearsal and receiving feedback, remains limited and heterogeneous [5,8]; such outcomes
are therefore treated here as hypotheses to be evaluated (Section 7), not as expected benefits.

5.4. Shared Decision-Making

Shared decision-making involves the clinician asking the patient about his or her values,
preferences, concerns, understanding, and treatment priorities, and then including these in
a shared plan. These elements can be simulated in the informational and interactional state
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of the simulated patient, allowing for the presentation of relevant preferences during the
encounter, rather than as a standalone checklist.

Learners can practice asking for preferences, giving a balanced explanation of options,
expressing uncertainty, checking for understanding, and creating a plan that incorporates
the priorities of the simulated patient. These observable behaviors can be mapped to shared
decision-making competencies that have been defined. Feedback can help determine, for
instance, if the learner described alternatives but did not establish the patient’s priorities
before suggesting a course of action for the patient.

5.5. Interprofessional and Scenario-Based Training

The architecture can be tailored to various professional roles and complex scenarios
such as medication adherence, counseling, conflict management, multimorbidity, and
interprofessional communication. Competing priorities, incomplete information, multiple
stakeholders, and changing clinical circumstances can be used to increase the complexity of
the scenarios, while keeping the learning objectives and competency criteria explicit.

The scenario may include role-specific responsibilities, information-sharing needs,
and opportunities for collaborative planning for interprofessional training. Assessment
may include an evaluation of how well learners convey relevant information, identify
professional boundaries, make decisions, and react to uncertainty. The same architecture
can be used for various professions and curricula, but the content of scenarios, assessment
rubrics, and governance requirements need to be adapted to the intended setting.

5.6. Adaptive Assessment and Feedback

Across these applications, adaptive assessment follows the sequence defined in
Section 3.6 (learner behavior — behavioral indicator — competency judgment), followed
by feedback or learning adaptation as specified in Sections 4.4 and 4.5. Criteria, thresholds,
and uncertainty handling follow those sections, and the validity and reliability of these
procedures remain empirical questions (Section 7).

5.6.1. Illustrative Scenario Applications

The scenarios in Table 3 demonstrate how the proposed architecture can be applied
across different competency domains.

Table 3. Illustrative applications of the proposed framework across professional healthcare training.

Potential Feedback or Observable Behavior and State or Interactional Scenario
Adaptation Competency Link Change
Feedback on missed cues; Relevar.lt' hlstory-te'akmg, e Relevant symptoms are . .
recognition, question prioritization Undifferentiated

targeted history-taking or
reasoning practice

disclosed according to

= hi e
istory-taking and questions and case rules

clinical-reasoning competencies

abdominal pain

Feedback on specific
communication behaviors;
additional practice with
emotional cues

Scenario-defined affective
and interactional states
respond to the learner’s
communication

Acknowledgment of concerns,
clarity, responsiveness —
difficult-communication
competency

New cancer
diagnosis

Feedback on gaps between
elicited preferences and the
proposed plan

Preference elicitation, balanced
explanation, incorporation of
priorities — shared
decision-making competency

Patient preferences and
concerns influence the
discussion

Diabetes treatment
decision
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Table 3. Cont.
Potential Feedback or Observable Behavior and State or Interactional .
. . Scenario
Adaptation Competency Link Change
. Listening, acknowledgment, The interactional state
Targeted de-escalation . : : .
de-escalation, professional changes according to the Angry patient

practice and feedback on
responses to concerns

communication —
conflict-management competency

learner’s response and
scenario rules

after delayed care

Exploration of barriers,
patient-centered questioning,

Practical barriers and

Feedback on overlooked . . . Medication-
. collaborative planning — treatment beliefs become
barriers; focused . . adherence
; . counseling and available through

counseling practice . : . 9 problem
information-gathering appropriate inquiry
competencies

Feedback on prioritization  Prioritization, uncertainty Competing priorities and

and reassessment; management, reassessment — relevant clinical Complex

appropriately bounded integrated clinical-reasoning information require multimorbidity

increase in case complexity

competency

integration

The scenarios are illustrative applications of the proposed framework, not validated
assessment instruments or evaluated interventions. Competency criteria, state-transition
rules, clinical content, and performance thresholds require appropriate definition and
review before implementation.

Taken together, these scenarios illustrate how the same architecture can support dif-
ferent educational objectives without requiring a different underlying framework for each
scenario. Implementation and evaluation are required to determine whether the result-
ing interactions, assessments, and adaptations are sufficiently consistent, safe, valid, and
educationally useful.

5.6.2. Failure Cases and Boundary Conditions

The scenarios above describe the correct operation. They are analytical projections
from the proposed design logic, not observed failures, and the corresponding risks, moni-
toring, and escalation are mapped to stages in Section 8.4. The following cases describe the
possible failure of the same encounters, detection of each failure, and the limitation of the
framework’s educational consequences.

o Inconsistent state evolution (abdominal pain). The patient says that the pain started
yesterday and, later, that it started a week ago, or discloses a symptom absent from the
case specification. The consistency check (Section 4.2) should block the response and
substitute a scripted fallback; the deviation is logged, the affected turns are excluded
from assessment so that the learner is not penalized, and the case is withdrawn for
correction if the failure recurs. If the check itself fails, the learner may receive mislead-
ing information, which is why post-session log review and educator invalidation of
encounters are retained.

e Ambiguous behavior and conflicting signals (new cancer diagnosis). A learner
provides an empathic statement but immediately follows it with premature reassurance
or asks a question that could be genuine exploration or a stock phrase. Rules may then
conflict, or confidence may fall below the threshold. Precedence rules are applied or,
failing that, no state change is made and the turn is flagged. Feedback reflects both
behaviors, and any indicator lacking evidence is recorded as “insufficient evidence”,
rather than “absent”.
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e Inaccurate competency judgments (diabetes treatment decision). The Al component
credits a formulaic phrase as preference elicitation or fails to credit an appropriate
expression in another dialect or communication style, overstating or understating
competence. Evidence excerpts and confidence values are shown to educators, a sample
of judgments is audited against expert ratings, subgroup agreement is monitored
(Section 4.5), and judgments remain formative until agreement targets are met.

e  Hallucination. The language model introduces a medication, test result, or piece of
advice that is not in the case specification [20,22,23]. Bounded generation and the
pre-delivery consistency check are the first defense, and critical violations suspend the
scenario for review (Section 8.4). These controls cannot eliminate hallucination, which
is why unsupervised high-stakes use is excluded.

e Propagation into adaptation. An erroneous or low-confidence judgment could make
a scenario inappropriately easy or difficult. Because adaptation requires consistent
evidence across encounters and excludes flagged judgments (Section 4.4), a single
error should not change the pathway, but a systematic error (for example, a rubric
that mis-scores a subgroup) could; educator override and periodic audits are the
corresponding safeguards.

The frequency, detectability, and educational impact of these failures are empirical
questions for the technical and expert validation stages (Section 7.1).

6. Comparison with Existing Approaches
6.1. Comparative Positioning

Existing approaches provide important foundations for Al-supported healthcare train-
ing, but they differ in their principal educational and technological emphases. Conventional
virtual patients provide structured clinical cases and opportunities to practice informa-
tion gathering and clinical reasoning [4]. Generative-Al-supported virtual patients can
enable more flexible, open-ended dialog [5,6]. Affective computing contributes approaches
for representing or responding to emotion-related cues, while adaptive learning systems
support learner-specific practice and progression. Al-supported assessment and learning
analytics can help organize performance evidence and provide feedback [8,11]. Intelligent
tutoring systems add an explicit learner model, step-level feedback, and task selection,
with meta-analytic evidence of positive learning effects relative to conventional instruc-
tion [28,29]; Al-tutored simulation improved procedural skill acquisition in a randomized
trial [30]; language-model-powered simulated patients with automated feedback are feasi-
ble for history-taking, with high but not-uniform agreement between model and human
ratings [31]; and serious games and gamified simulations show effects at least comparable
to conventional teaching, although mostly from low-quality evidence [32].

These approaches add complementary capabilities, but the presence of one capa-
bility does not necessarily mean that it is integrated with the other aspects of an educa-
tional encounter. For instance, conversational flexibility does not guarantee continuity
of simulated-patient state, emotion-related responses do not necessarily imply valid as-
sessment of communication competence, and adaptive progression does not imply that
decisions are based on reliable competence evidence.

To make the comparison explicit, the approaches in Table 4 are compared on five di-
mensions: (i) persistent, learner-responsive state in the task environment; (ii) interpretation
of open-ended learner input, including communication; (iii) mapping of performance to
predefined competencies through documented indicators; (iv) adaptation that depends
on that evidence, with explicit uncertainty handling; and (v) governance and human over-
ride specified at the level of individual stages. Intelligent tutoring systems are the closest
precedent, typically combining step-level feedback with task selection from a learner model.
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In the proposed architecture, stages 3, 5, and 9 correspond to step-level assessment and
feedback, stage 8 to the learner model, and stage 10 to task selection. The difference lies in
stages 4, 6, and 7: the task environment is itself a stateful interlocutor whose disclosures and
cooperation depend on the learner’s communication, so a patient model and a learner model
are coupled and updated in the same cycle. Among the sources reviewed, no intelligent
tutoring system, Al-tutored simulation, or language-model simulated patient was identified
that implemented all five dimensions together. This reflects the limits of the evidence base
(Section 2.2) and should not be interpreted as the outcome of a systematic inventory.

The proposed architecture addresses this integration challenge by coordinating learner
interaction, persistent simulated-patient state, clinical reasoning and communication assess-
ment, adaptive response, performance analytics, feedback, and scenario progression within
an explicit 11-stage closed loop. Its distinguishing feature is therefore not the invention of a
new Al capability, but the proposed organization of complementary capabilities around an
evolving simulated encounter and an educator-governed competency model.

Table 4. Conceptual comparison of existing approaches with the proposed integrated architecture.

Integration Issue Addressed by

Contribution to Healthcare

. . Principal Emphasis Approach
the Proposed Architecture Training P P PP
hi
Comects encounter history and Supports clinical information Structured cases and .
patient-state updates to . L : . Conventional
. : gathering, decision-making, and predefined : .
subsequent interactions and . . . . virtual patients
: . reasoning practice [4] interaction
learning decisions
Enables more varied conversational
Constrains generated responses interaction and context-sensitive .
. . . . Generative-Al-
using scenario facts, persistent responses [5,6]; automated Flexible,

state, learning objectives, and
safety rules

history-taking feedback showed
high but variable agreement with
human ratings [31]

open-ended dialog

supported virtual
patients

Links scenario-defined affective
changes to observable learner
communication while avoiding

Offers approaches for representing

Emotion-related

i ffect-rel Affective Al
claims that simulated affect ot fesp or}dmg to affect-related cues and responses ective
. information
reproduces genuine human
emotion
Connects adaptation to
-rel i L - ifi
competency-relevant eYldence, Supports targeted practice and carnerspecic Adaptive learning
explicit learning objectives, ; : I challenge and
. : adjustment of learning activities . systems

uncertainty handling, and progression
educator oversight
Lin}(s behavior to predeﬁped Supports the organization and Performance Al-supported
indicators and competencies, then interpretation of .

. analysis and assessment and
connects assessment to formative learner-performance . .

feedback learning analytics

feedback and subsequent practice

evidence [8,11]

Adds a persistent,
communication-responsive
patient state and
uncertainty-gated,
educator-governed progression to
learner-model-based tutoring

Meta-analytic evidence of positive

learning effects relative to
conventional instruction [28,29]

Learner model,
step-level feedback,
and task selection

Intelligent tutoring
systems
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Table 4. Cont.

Integration Issue Addressed by
the Proposed Architecture

Contribution to Healthcare
Training

Principal Emphasis

Approach

Extends adaptation from
procedural or knowledge tasks to
communication-dependent
encounters with a stateful patient

Improved procedural skill
acquisition in a randomized

trial [30]; effects at least
comparable to conventional
teaching in a systematic review of

Adaptive feedback
and challenge in
simulated or
game-based tasks

Al-tutored and
adaptive
simulation,
including serious

serious games, mostly from games
low-quality evidence [32]

Provides a common design
structure for coordinating these
functions under explicit
educational and governance

constraints

Persistent

simulated-patient Proposed
state and an explicit integrated
competency- architecture
feedback loop

Coordinates interaction, state
updating, assessment, adaptation,
feedback, and progression within
one proposed learning cycle

Table 4 compares the principal emphases of these approach categories and identifies
the integration role proposed by the framework. The comparison is conceptual rather than
the result of a systematic inventory of all available platforms. It should not be interpreted
as evidence that every existing system lacks integrated functionality or that the proposed
architecture has demonstrated superior performance.

6.2. Novelty and Contributions

The conceptual contribution of this article is in four related design propositions.

First, it is suggested that the organizing mechanism between the clinical facts, informa-
tion revealed, scenario-defined affective cues, and interactional history of an encounter is a
persistent simulated-patient state. This can be used as a foundation for continuity between
learner actions and subsequent simulated responses.

Second, clinical reasoning and patient-centered communication are considered as in-
terrelated aspects of performance. The information that the learner receives may be affected
by the relevance and the way the learner is being questioned, and the communication
behaviors may affect the next interaction. Their evaluation, however, is still based on clear
learning goals and measurable actions.

Third, there is a competency-oriented feedback loop between assessment and adapta-
tion. Learner behavior is interpreted in relation to predefined indicators and competency
criteria, and the evidence can be used to provide formative feedback and further practice.
Judgments of uncertainty or consequence will continue to be subject to educator review.

Fourth, governance is not just a deployment consideration but is part of the proposed
architecture. The purpose of clinical guardrails, scenario constraints, uncertainty han-
dling, auditability, and human authority is to influence response generation, assessment,
adaptation, and progression.

These propositions outline an integrated design model for future development and
evaluation. The framework offers a systematic approach to describing system components,
examining their respective roles, and assessing the impact of combining them to enhance
the consistency, validity, safety, and educational value of simulated encounters.

Relative to the approaches in Table 4, these propositions contribute a structured syn-
thesis with three distinguishing mechanisms: (1) the coupling of a persistent patient model
and a learner model in one cycle; (2) uncertainty-gated state updating, assessment, and
adaptation, in which low-confidence evidence leaves the state, the assessment, and the learn-
ing pathway unchanged; and (3) failure modes mapped to individual stages with detection,
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escalation, and human override (Section 8.4). The framework is not a new algorithm or
technology, and whether it constitutes an advancement over existing integrated systems is
an empirical question that the validation pathway in Section 7 is designed to address.

This is a conceptual comparison of approach categories, not a systematic review of
individual products or platforms. The descriptions indicate principal emphases and pro-
posed integration roles rather than universal properties of every system in each category.
The integrated architecture has not yet been empirically validated.

7. Validation and Research Agenda

The proposed architecture requires staged evaluation before its technical reliability,
educational effectiveness, and potential for clinical transfer can be established. As illustrated
in Figure 2, validation should progress from technical and content checks to expert review,
usability, educational effectiveness, and longer-term transfer. Progression between stages
should depend on predefined criteria appropriate to the intended use. There are three pri-
oritized outcomes which determine whether later, more costly studies are justified: (1) state
consistency and safety of generated responses; (2) agreement between Al-supported and
expert competency ratings; and (3) competency gain on blinded, independently rated per-
formance relative to an active comparator. Usability, retention, and transfer are evaluated
in turn once these are satisfied.

Stage 1 Stage 2 Stage 3
Technical and Content Expert and Safety Usability &
Validation Review Acceptability
Stage 4 Stage 5 Stage 6
Educational Retention and Longitudinal and
Behavioral Transfer

Effectiveness Multicenter Evaluation

Figure 2. Staged validation pathway for the proposed architecture.

7.1. Technical, Content and Safety Validation

Initial testing should assess adherence to predefined patient-state-transition rules,
clinical consistency, consistency of information disclosure, and compliance with clinical
and educational constraints. Health profession educators and clinical experts should re-
view scenario content, competency mappings, simulated-patient responses, and feedback.
Experts’” agreement should be quantified as described in Section 4.5, with the indicative
targets in Table 5.

Testing should also look for potential problems, such as unbacked clinical claims,
conflicting information, disclosure issues, biased answers, and adaptations that are based
on incorrect evaluations. If there are critical failures, revision and retesting should take
place prior to learner-facing evaluation. The usability test should measure task completion,
cognitive workload, usefulness of feedback, and proper recognition of system limitations.
Satisfaction should not be used as a measure of the effectiveness of learning.

Suggested design: a prespecified test suite of scripted learner-turn sequences, including
ambiguous, conflicting, and adversarial inputs, run repeatedly across scenarios. For safety-
critical events, an observed count of zero in n independent-test turns bounds the true event
rate below approximately 3/n with 95% confidence (the “rule of three”), so about 300 turns
are needed to exclude a critical-failure rate above 1%.
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Table 5. Proposed staged validation pathway for the Al-based adaptive clinical simulation architecture.

Decision Consideration

Example Measurable Criteria, Designs, and Indicative

Benchmarks Validation Stage

Revise and retest if critical

consistency or safety criteria

are not met

Clinical contradiction rate; consistency of information
disclosure; proportion of state transitions following
predefined rules; frequency of constraint violations;

indicative benchmark: no critical contradictions or
constraint violations in a prespecified test set of about 300
turns, and at least 95% of state transitions conforming to
the rules

Technical and content
validation (priority 1)

Resolve material
disagreements and critical

Expert ratings of clinical accuracy, response relevance,
competency mapping, feedback quality, and safety;
inter-rater and Al-expert agreement; indicative target:

lower bound of the 95% confidence interval for the Expert and safety review

safety issues before learner intraclass correlation of at least 0.75 (“good” (priority 2)
testing reliability [27]) for formative use and above 0.90 for
consequential use, with agreement not materially lower
in any prespecified language or background subgroup
Address usability barriers Task completion; cognitive workload; feedback s
: . : PR oo Usability and
and inappropriate reliance usefulness; trust calibration; recognition of system .
acceptability

on Al

limitations

Interpret outcomes against
prespecified criteria and
study limitations

Predefined competency scores; between-group
differences; effect estimates and confidence intervals;
relevant reliability and validity evidence; design:
randomized comparison with an active comparator,
prespecified primary outcome rated by blinded assessors,
and sample size based on the smallest educationally
meaningful difference

Educational effectiveness
(priority 3)

Determine whether gains
persist and extend beyond

Follow-up performance; unfamiliar-scenario

performance; standardized-patient assessments; Retention and behavioral

. . independent or blinded ratings; follow-up at a transfer
practiced scenarios 1
prespecified interval (for example, three months)
Assess generalizability and ~ Performance over time; between-site variation; justified oo
Longitudinal and

identify context-specific
adaptations

subgroup analyses; prespecified margin for

. 1ti luati
between-subgroup differences; longer-term transfer multicenter evaluation

7.2. Comparative and Educational Evaluation

Comparative studies should separate conventional virtual patients from non-adaptive
generative-Al encounters from adaptive encounters without the full feedback loop from the
proposed integrated architecture where possible. To facilitate meaningful interpretation,
learning objectives, scenario content, exposure time, and assessment conditions should
be similar.

Outcomes should be based on predefined competencies, including history-taking,
clinical reasoning, and communication and shared decision-making. Assessment should be
based on explicit rubrics and, if appropriate, blinded human raters. Appropriate evidence
of validity and reliability, such as inter-rater agreement if applicable, should be reported.
The distinction between usability and perceived usefulness and demonstrated competency
gains should be made.

The primary educational comparison should be a randomized or cluster-randomized
trial with an active comparator (conventional virtual patient or a non-adaptive generative-
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Al encounter), and the primary outcome and analysis plan should be prespecified. The
primary outcome would be a competency score (e.g., blinded, rater-assessed), and the
sample size would be determined by the smallest difference that would be considered
educationally meaningful. Effects would be reported with confidence intervals. Secondary
outcomes would be process measures, usability and subgroup effects.

7.3. Retention and Behavioral Transfer

Studies should assess baseline and post-training performance and, where feasible,
retention at follow-up at a prespecified interval (for example, three months). Transfer
should be examined using unfamiliar scenarios, standardized-patient encounters, or other
independently assessed tasks. Workplace-based and patient-level outcomes should be
investigated only when justified by preceding evidence and suitable study designs.

Longitudinal and multicenter studies should examine whether findings generalize
across learner groups, professional roles, languages, and institutional settings. Table 5
summarizes the proposed validation stages, designs, and indicative benchmarks.

The stages, designs, and benchmarks are indicative proposals for future evaluation, not
results or universal acceptance thresholds; criteria should be prespecified and justified for
each intended application, and critical safety requirements should be met before progression
to learner-facing evaluation.

8. Ethical, Safety, and Governance Considerations

Safety and governance must be embedded throughout the proposed architecture rather
than treated as separate implementation concerns. The principal safeguards concern clinical
accuracy, fairness, privacy, and human accountability.

8.1. Clinical Accuracy and Reliability

The information provided in the Al-generated responses may be inaccurate, contra-
dictory, or unsupported. Therefore, scenarios should be based on clinical content that has
been reviewed by experts, bounded response rules, and predefined escalation conditions.
The tests should include checks for the consistency of scenarios, inappropriate disclosure of
information, and violations of clinical or educational constraints. If there are any critical
failures, they should be logged and reviewed before further use.

Educators need to have the discretion to edit, correct, and override inappropriate
outputs [10,11,20-23,33-35].

8.2. Bias and Cultural Responsiveness

Demographic, linguistic or socioeconomic biases may be represented in simulated-
patient responses and assessment criteria. Potential unfairness should be identified using
diverse scenario profiles, expert review, and testing across relevant communication styles.
Assessment should be based on the intended competency and its clinical application, not
on linguistic or cultural differences that do not affect the competency [11,36,37].

8.3. Privacy and Learner Data

Learner interaction logs may reveal clinical reasoning, errors, communication patterns,
and performance. Data collection should follow purpose limitation and minimization prin-
ciples. Learners should be informed about data collection, analytical use, access, retention,
and any role in formal assessment. Institutions should establish appropriate access controls,
secure storage, retention policies, and clear separation between formative learning records
and high-stakes assessment records.
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8.4. Human Oversight and Accountability

Educators and institutions should have control over the content of scenarios, compe-

tency standards, safety limits, escalation, remediation, and consequential decisions. The

system should provide access to the relevant assessment evidence and uncertainty for

review, keep an audit trail of outputs and resulting adaptations, and allow for human

intervention where assessments differ from expert judgment or where cases are outside of

the boundaries.

Table 6 shows the main risks associated with the various stages of the architecture,

monitoring approaches, safeguards, and accountable human oversight. These are proposed

governance needs and need to be evaluated in the context of implementation.

Table 6. Core governance risks, monitoring and safeguards in the proposed architecture.

Accountable
Oversight

Safeguard and
Escalation

Detection or
Monitoring

Relevant Stages

Risk or Failure
Mode

Clinical experts and
educators

Constrain generation;
suspend or flag
critical outputs for
review

Clinical consistency
checks; expert
review; violation logs

Context
interpretation; state
update; adaptive
response

Inaccurate or
contradictory clinical
output

Scenario designers
and clinical
educators

Prevent unsupported
transitions; log
deviations; require
correction before
reuse

Compare transitions
and disclosures with
predefined scenario
rules

Patient-state update;
simulated-patient
response

Inappropriate state
transition or
information
disclosure

Review across

. . relevant
Educators and Revise scenarios or . . .
institutional rubrics: investicate demographic, Response generation; Biased responses or
o & L linguistic, and assessment; feedback assessment
governance leads systematic disparities L
communication
profiles
Avoid automatic Review
penalties or behavior-indicator
: . Assessment; Incorrect competency
Educators and progression under mappings, feedback: scenario assessment or
assessment leads material uncertainty; uncertainty, and 4 .
progression adaptation

refer for human
review

disagreement with
human ratings

Scenario designers
and educators

No state change
below threshold;
apply precedence
rules; neutral or
clarifying response;
flag for review

Classification
confidence; rule
conflicts; flagged
turns reviewed
against human
coding

Behavior capture;
context
interpretation;
patient-state update

Ambiguous or
conflicting learner
input;
low-confidence
classification

Institution and
data-governance

Minimize data;
restrict access; apply
secure retention and

Access monitoring;
data-use and

Behavior capture;
analytics; record

Privacy breach or
inappropriate data

personnel : - retention audits retention use

deletion policies

Preserve human
Educators and authority over Audit consequential ~ Assessment; . .
L e . : Automation bias or
institutional certification, decisions and progression; . )

. . . - high-stakes misuse

leadership progression, and overrides remediation

remediation
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Table 6. Cont.
Accountable Safeguard and Detection or Relevant Stages Risk or Failure
Oversight Escalation Monitoring 8 Mode
L Examine whether
Report limitations; claims are supported
Researchers and require appropriate PP Validation and Unsupported claims

institutions

further evaluation
before clinical claims

by transfer or
clinical-outcome
evidence

outcome evaluation of clinical benefit

9. Discussion
9.1. Principal Contribution

The primary contribution of the framework is not about proposing a new Al capa-
bility; instead, it is an integrated conceptual architecture. The integrated architecture
provides a common structure for designing and evaluating capabilities that are often
addressed separately.

The framework also shifts evaluation beyond conversational realism toward clinically
coherent interactions, observable competency development, appropriate adaptation, feed-
back quality, and safety. These proposed benefits require empirical validation.

9.2. Educational Implications

The framework could expand access to repeated practice of encounters that are not
easy to schedule regularly in clinical placements. Linking observable learner behavior
to competency-based feedback may also help educators identify learning needs and plan
targeted remediation.

Its intended role is complementary to clinical placements, standardized-patient en-
counters, existing simulation, and educator-led teaching. Its potential contribution lies
in integrating history-taking, reasoning, communication, shared decision-making, and
reflection within a single simulated encounter.

9.3. Relationship to Patient-Centered Care

The relationship between Al-based training and patient-centered care is indirect and
prospective. Training may develop competencies relevant to professional practice, but
improved simulated performance does not establish better patient experiences, safer clinical
decisions, or improved patient outcomes. The same caution applies to learners’ commu-
nication and empathy: evidence that Al-driven simulation improves these competencies,
rather than offering a means of practicing and measuring them, remains limited [5,8].

Accordingly, patient-care benefits should be treated as hypotheses for future research,
not demonstrated effects of the proposed architecture.

9.4. Limitations

This article is a structured narrative review and conceptual synthesis rather than a
systematic review with formal risk-of-bias assessment. The evidence is heterogeneous,
especially for generative-Al-based virtual patients, and some studies focus on short-term or
selected educational outcomes [5,6,38].

The literature search and selection process has further limitations. The search was
iterative and domain-based rather than protocol-driven and relied mainly on PubMed
together with publisher and organizational sources; relevant work indexed elsewhere
may therefore have been missed. As described in Section 2.2, search dates, complete
search strings, and record counts were not recorded, and no screening flow diagram was
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produced. Searching, selection, and categorization of the evidence were carried out by
one author, without independent duplicate screening or a formal procedure for resolving
disagreements, and sources were retained for conceptual relevance and design utility
rather than exhaustive coverage. The evidence base may therefore reflect selection bias,
and the provenance categories assigned in Table 1 represent the authors’ judgment. A
prospectively documented search and selection protocol would be needed to replicate or
extend this synthesis.

There has been no implementation or empirical validation of the framework as an
integrated system. The proposed state-transition rules, competency mappings, adaptive
decisions, and feedback mechanisms are thus in need of operational testing. Simulated affect
is not real empathy, and Al interpretation can differ between languages, cultures, disabilities,
and interaction styles. The operational parameters in Sections 4.2 and 4.4 (thresholds, step
sizes, and encounter counts), the failure cases in Section 5.6.2, and the benchmarks in
Table 5 are illustrative examples proposed by the authors based on the design logic and the
literature cited and have not been tested; the failure analysis is analytical, not empirical. The
comparison of intelligent tutoring to adaptive-simulation systems in Section 6.1 is based on
selected sources, and not on a list of platforms.

Finally, the framework is technology-agnostic. This helps with possible application in
various technical contexts, but leaves the implementation options, integration needs, and
performance in the context to future investigation.

9.5. Future Research

Future research should operationalize the architecture and evaluate it through the
staged validation pathway in Figure 2 and Table 5. Priority should be given to the
technical-safety, assessment-agreement, and educational-effectiveness outcomes identi-
fied in Section 7.

Research should also examine cultural and linguistic responsiveness, accessibility,
educator workload, privacy, and governance. This staged approach would help distin-
guish technical feasibility from educational effectiveness and educational effectiveness from
clinical benefit.

10. Conclusions

This article presents an evidence-informed conceptual framework for Al-based adap-
tive clinical simulation and health communication in professional healthcare training. By
integrating persistent simulated-patient state, clinical reasoning, patient-centered communi-
cation, competency-oriented assessment, adaptive feedback, and human governance within
an 11-stage learning loop, the framework provides a structured basis for designing and
evaluating integrated Al-supported learning environments.

The framework is a conceptual proposal, not a validated educational intervention.
Its technical reliability, assessment quality, safety, educational effectiveness, and potential
transfer to clinical practice must be established through staged empirical evaluation. By
defining the relationships among learner behavior, simulated-patient responses, compe-
tency assessment, and adaptive feedback, the framework offers a foundation for future
implementation and research without presuming improved patient outcomes.

Author Contributions: Conceptualization, S.U.J.; literature review, S.U.J.; methodology, S.U.J.; frame-
work, S.U.].; discussion and implications, S.U.J. and S.H.; writing—original draft, 5.U.J.; review and
editing, S.UJ., A.-CK., C.-Y.T. and S.H.; supervision, A.-C.K. and C.-Y.T. All authors have read and
agreed to the published version of the manuscript.

https://doi.org/10.3390/healthcare14213643


https://doi.org/10.3390/healthcare14213643

Healthcare 2026, 14, 3643 25 of 26

Funding: This research was funded by Telekom Malaysia Research & Development Sdn. Bhd., grant
number (RDTC/261175). The APC was funded by Telekom Malaysia Research & Development
Sdn. Bhd.

Institutional Review Board Statement: Not applicable. The current research did not involve primary
data collection. It is a conceptual paper, discussing the key concept of digital health technologies,
Al-based adaptive clinical simulation and health communication mainly through literature reviews.

Informed Consent Statement: Not applicable.

Data Availability Statement: No new data were created or analyzed in this study. Data sharing is
not applicable to this article.

Acknowledgments: The authors would like to acknowledge the financial support provided by
the TMR&D grant (RDTC/261175). Al tools assisted only in supporting language editing and
clarity during manuscript preparation, along with grammar refinement. All ideas, tables, figures,
and conclusions were generated by the authors, who take full responsibility for the content of the
manuscript.

Conflicts of Interest: The authors declare no conflicts of interest.

References

1. Issenberg, S.B.; McGaghie, W.C.; Petrusa, E.R.; Gordon, D.L.; Scalese, R.J. Features and uses of high-fidelity medical simulations
that lead to effective learning: A BEME systematic review. Med. Teach. 2005, 27, 10-28. [CrossRef]

2. McGaghie, W.C.; Issenberg, S.B.; Petrusa, E.R.; Scalese, R.J. A critical review of simulation-based medical education research:
2003-2009. Med. Educ. 2010, 44, 50-63. [CrossRef]

3. Tozsin, A.; Ucmak, H.; Soyturk, S.; Aydin, A.; Gozen, A.S.; Al Fahim, M.; Guven, S.; Ahmed, K. The role of artificial intelligence in
medical education: A systematic review. Surg. Innov. 2024, 31, 415-423. [CrossRef]

4. Kononowicz, A.A.; Woodham, L.A.; Edelbring, S.; Stathakarou, N.; Davies, D.; Saxena, N.; Tudor Car, L.; Carlstedt-Duke, J.; Car, J.;
Zary, N. Virtual patient simulations in health professions education: Systematic review and meta-analysis by the Digital Health
Education Collaboration. J. Med. Internet Res. 2019, 21, e14676. [CrossRef]

5. Jiang, J.; Ye, M.Z.; Kwok, T.T.-O.; Wong, ].Y.H. GenAl-supported virtual patients in health care education: Systematic review. .
Med. Internet Res. 2026, 28, €82756. [ CrossRef]

6. Pham, T.D.; Karunaratne, N.; Exintaris, B.; Liu, D.; Lay, T.; Yuriev, E.; Lim, A. The impact of generative Al on health professional
education: A systematic review in the context of student learning. Med. Educ. 2025, 59, 1280-1289. [CrossRef]

7. Dwamena, F.; Holmes-Rovner, M.; Gaulden, C.M.; Jorgenson, S.; Sadigh, G.; Sikorskii, A.; Lewin, S.; Smith, R.C.; Coffey, J.; Olomu,
A. Interventions for providers to promote a patient-centred approach in clinical consultations. Cochrane Database Syst. Rev. 2012,
12, CD003267. [CrossRef]

8. Chen, X,; Yang, Z. Assessing virtual patients for empathy training in healthcare: A scoping review. Patient Educ. Couns. 2025, 136,
108752. [CrossRef]

9. Frank, J.R.; Snell, L.S.; Ten Cate, O.; Holmboe, E.S.; Carraccio, C.; Swing, S.R.; Harris, P.; Glasgow, N.J.; Campbell, C.; Dath, D.;
et al. Competency-based medical education: Theory to practice. Med. Teach. 2010, 32, 638-645. [ CrossRef]

10. World Health Organization. Ethics and Governance of Artificial Intelligence for Health: WHO Guidance; World Health Organization:
Geneva, Switzerland, 2021.

11. Masters, K.; MacNeil, H.; Benjamin, J.; Carver, T.; Nemethy, K.; Valanci-Aroesty, S.; Taylor, D.C.M.; Thoma, B.; Thesen, T. Artificial
intelligence in health professions education assessment: AMEE Guide No. 178. Med. Teach. 2025, 47, 1410-1424. [CrossRef]

12.  Snyder, H. Literature review as a research methodology: An overview and guidelines. J. Bus. Res. 2019, 104, 333-339. [CrossRef]

13. Jabareen, Y. Building a conceptual framework: Philosophy, definitions, and procedure. Int. J. Qual. Methods 2009, 8, 49-62.
[CrossRef]

14. Feigerlova, E.; Hani, H.; Hothersall-Davies, E. A systematic review of the impact of artificial intelligence on educational outcomes
in health professions education. BMC Med. Educ. 2025, 25, 129. [CrossRef]

15. Kasirzadeh, A.; Gabriel, I. In conversation with artificial intelligence: Aligning language models with human values. Philos.
Technol. 2023, 36, 27. [CrossRef]

16. Ouyang, L.; Wu, J.; Jiang, X.; Almeida, D.; Wainwright, C.; Mishkin, P; Zhang, C.; Agarwal, S.; Slama, K_; Ray, A; et al. Training
language models to follow instructions with human feedback. Adv. Neural Inf. Process. Syst. 2022, 35, 27730-27744. [CrossRef]

17.  Astbury, H.; Fortune, E.; Dal Ponte, C.; Lyons, K.; Shaw, L. Generative artificial intelligence for teaching and assessment in health

professions education: A scoping review. Nurse Educ. Pract. 2026, 91, 104697. [CrossRef]

https://doi.org/10.3390/healthcare14213643


https://doi.org/10.1080/01421590500046924
https://doi.org/10.1111/j.1365-2923.2009.03547.x
https://doi.org/10.1177/15533506241248239
https://doi.org/10.2196/14676
https://doi.org/10.2196/82756
https://doi.org/10.1111/medu.15746
https://doi.org/10.1002/14651858.CD003267.pub2
https://doi.org/10.1016/j.pec.2025.108752
https://doi.org/10.3109/0142159X.2010.501190
https://doi.org/10.1080/0142159X.2024.2445037
https://doi.org/10.1016/j.jbusres.2019.07.039
https://doi.org/10.1177/160940690900800406
https://doi.org/10.1186/s12909-025-06719-5
https://doi.org/10.1007/s13347-023-00606-x
https://doi.org/10.48550/arXiv.2203.02155
https://doi.org/10.1016/j.nepr.2025.104697
https://doi.org/10.3390/healthcare14213643

Healthcare 2026, 14, 3643 26 of 26

18.

19.

20.

21.

22.

23.

24.

25.
26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

Gordon, M.; Daniel, M.; Ajiboye, A.; Uraiby, H.; Xu, N.Y.; Bartlett, R.; Hanson, J.; Haas, M.; Spadafore, M.; Grafton-Clarke, C.; et al.
A scoping review of artificial intelligence in medical education: BEME Guide No. 84. Med. Teach. 2024, 46, 446—470. [CrossRef]
Preiksaitis, C.; Rose, C. Opportunities, challenges, and future directions of generative artificial intelligence in medical education:
Scoping review. JMIR Med. Educ. 2023, 9, e48785. [ CrossRef]

Cascella, M.; Montomoli, J.; Bellini, V.; Bignami, E. Evaluating the feasibility of ChatGPT in healthcare: An analysis of multiple
clinical and research scenarios. J. Med. Syst. 2023, 47, 33. [ CrossRef]

Singhal, K.; Azizi, S.; Tu, T.; Mahdavi, S.S.; Wei, J.; Chung, HW.,; Scales, N.; Tanwani, A.; Cole-Lewis, H.; Pfohl, S.; et al. Large
language models encode clinical knowledge. Nature 2023, 620, 172-180. [CrossRef]

Harrer, S. Attention is not all you need: The complicated case of ethically using large language models in healthcare and medicine.
eBioMedicine 2023, 90, 104512. [CrossRef]

Sallam, M. ChatGPT utility in healthcare education, research, and practice: Systematic review on the promising perspectives and
valid concerns. Healthcare 2023, 11, 887. [CrossRef]

Finlayson, S.G.; Bowers, ].D.; Ito, J.; Zittrain, J.L.; Beam, A.L.; Kohane, 1.S. Adversarial attacks on medical machine learning.
Science 2019, 363, 1287-1289. [CrossRef]

Kane, M.T. Validating the interpretations and uses of test scores. . Educ. Meas. 2013, 50, 1-73. [CrossRef]

Cook, D.A; Hatala, R. Validation of educational assessments: A primer for simulation and beyond. Adv. Simul. 2016, 1, 31.
[CrossRef]

Koo, TK,; Li, M.Y. A guideline of selecting and reporting intraclass correlation coefficients for reliability research. J. Chiropr. Med.
2016, 15, 155-163. [CrossRef]

VanLehn, K. The relative effectiveness of human tutoring, intelligent tutoring systems, and other tutoring systems. Educ. Psychol.
2011, 46, 197-221. [CrossRef]

Kulik, J.A.; Fletcher, ].D. Effectiveness of intelligent tutoring systems: A meta-analytic review. Rev. Educ. Res. 2016, 86, 42-78.
[CrossRef]

Fazlollahi, A.M.; Bakhaidar, M.; Alsayegh, A.; Yilmaz, R.; Winkler-Schwartz, A.; Mirchi, N.; Langleben, I.; Ledwos, N.; Sabbagh,
AJ.; Bajunaid, K; et al. Effect of artificial intelligence tutoring vs expert instruction on learning simulated surgical skills among
medical students: A randomized clinical trial. JAMA Netw. Open 2022, 5, €2149008. [CrossRef]

Holderried, F.; Stegemann-Philipps, C.; Herrmann-Werner, A.; Festl-Wietek, T.; Holderried, M.; Eickhoff, C.; Mahling, M. A
language model-powered simulated patient with automated feedback for history taking: Prospective study. JMIR Med. Educ.
2024, 10, €59213. [CrossRef]

Gentry, S.V.; Gauthier, A.; LEstrade Ehrstrom, B.; Wortley, D.; Lilienthal, A.; Tudor Car, L.; Dauwels-Okutsu, S.; Nikolaou, C.K;
Zary, N.; Campbell, ].; et al. Serious gaming and gamification education in health professions: Systematic review. J. Med. Internet
Res. 2019, 21, €12994. [CrossRef]

Kung, T.H.; Cheatham, M.; Medenilla, A; Sillos, C.; De Leon, L.; Elepafio, C.; Madriaga, M.; Aggabao, R.; Diaz-Candido, G.;
Maningo, J.; et al. Performance of ChatGPT on USMLE: Potential for Al-assisted medical education using large language models.
PLoS Digit. Health 2023, 2, €0000198. [CrossRef]

Gilson, A,; Safranek, C.W.; Huang, T.; Socrates, V.; Chi, L.; Taylor, R.A.; Chartash, D. How does ChatGPT perform on the United
States Medical Licensing Examination (USMLE)? The implications of large language models for medical education and knowledge
assessment. JMIR Med. Educ. 2023, 9, e45312. [CrossRef]

Liu, S.; Wright, A.P,; Patterson, B.L.; Wanderer, J.P,; Turer, R W.; Nelson, S.D.; McCoy, A.B.; Sittig, D.F.; Wright, A. Using Al-
generated suggestions from ChatGPT to optimize clinical decision support. J. Am. Med. Inform. Assoc. 2023, 30, 1237-1245.
[CrossRef]

Ayers, ].W,; Poliak, A.; Dredze, M.; Leas, E.C.; Zhu, Z.; Kelley, ].B.; Faix, D.J.; Goodman, A.M.; Longhurst, C.A.; Hogarth, M.; et al.
Comparing physician and artificial intelligence chatbot responses to patient questions posted to a public social media forum.
JAMA Intern. Med. 2023, 183, 589-596. [CrossRef]

Xu, A,; Pathak, E.; Wallace, E.; Gururangan, S.; Sap, M.; Klein, D. Detoxifying language models risks marginalizing minority
voices. In Proceedings of the 2021 Conference of the North American Chapter of the Association for Computational Linguistics:
Human Language Technologies, Association for Computational Linguistics, Online, 6-11 June 2021; pp. 2390-2397. [CrossRef]
Wang, C.; Sun, N.; Pan, X; Liu, P; Ma, Z.; Wang, W.; Jin, Y. The impact of integrating generative artificial intelligence into medical
education on short-term learning outcomes: A systematic review and meta-analysis of randomized controlled trials. BMC Med.
Educ. 2026, 26, 983. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury

to people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/healthcare14213643


https://doi.org/10.1080/0142159X.2024.2314198
https://doi.org/10.2196/48785
https://doi.org/10.1007/s10916-023-01925-4
https://doi.org/10.1038/s41586-023-06291-2
https://doi.org/10.1016/j.ebiom.2023.104512
https://doi.org/10.3390/healthcare11060887
https://doi.org/10.1126/science.aaw4399
https://doi.org/10.1111/jedm.12000
https://doi.org/10.1186/s41077-016-0033-y
https://doi.org/10.1016/j.jcm.2016.02.012
https://doi.org/10.1080/00461520.2011.611369
https://doi.org/10.3102/0034654315581420
https://doi.org/10.1001/jamanetworkopen.2021.49008
https://doi.org/10.2196/59213
https://doi.org/10.2196/12994
https://doi.org/10.1371/journal.pdig.0000198
https://doi.org/10.2196/45312
https://doi.org/10.1093/jamia/ocad072
https://doi.org/10.1001/jamainternmed.2023.1838
https://doi.org/10.18653/v1/2021.naacl-main.190
https://doi.org/10.1186/s12909-026-09320-6
https://doi.org/10.3390/healthcare14213643

	Introduction 
	Digital Transformation in Healthcare Training 
	AI-Based Simulation and Virtual Patients 
	The Integration Gap 
	Aim and Contribution 

	Methods 
	Review Design 
	Evidence Identification and Selection 
	Conceptual Synthesis 

	Theoretical Foundation and Evidence Synthesis 
	Theoretical Foundation 
	Simulation and Deliberate Practice 
	Virtual Patients and Clinical Reasoning 
	Generative AI and Conversational Learning 
	Practicing Difficult Conversations 
	Competency and Adaptive Learning 
	Assessment and Learning Analytics 
	Safety and Governance 
	Design Requirements 

	Proposed Framework Architecture 
	Conceptual Definition 
	Dynamic Simulated-Patient State 
	Integrated Reasoning and Communication 
	Adaptive Response and Scenario Progression 
	Assessment and Feedback 

	Applications in Professional Healthcare Training 
	Clinical History-Taking 
	Clinical Reasoning 
	Communication and Empathy 
	Shared Decision-Making 
	Interprofessional and Scenario-Based Training 
	Adaptive Assessment and Feedback 
	Illustrative Scenario Applications 
	Failure Cases and Boundary Conditions 


	Comparison with Existing Approaches 
	Comparative Positioning 
	Novelty and Contributions 

	Validation and Research Agenda 
	Technical, Content and Safety Validation 
	Comparative and Educational Evaluation 
	Retention and Behavioral Transfer 

	Ethical, Safety, and Governance Considerations 
	Clinical Accuracy and Reliability 
	Bias and Cultural Responsiveness 
	Privacy and Learner Data 
	Human Oversight and Accountability 

	Discussion 
	Principal Contribution 
	Educational Implications 
	Relationship to Patient-Centered Care 
	Limitations 
	Future Research 

	Conclusions 
	References



