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Abstract

Background: The growing impact of generative Al (GenAl) on medical education has given rise to many reviews discussing
Al literacy, trustworthiness, potential uses, and institutional or faculty benefits. However, there has been surprisingly little
review-level attention to its impact on students and learning.

Objective: This scoping review examines the impact of GenAl-enabled educational interventions on undergraduate medical
students.

Methods: We followed the PRISMA-ScR (Preferred Reporting Items for Systematic Reviews and Meta-Analyses extension
for Scoping Reviews) guidelines. An electronic search was conducted between September 22 and September 24, 2025, across
Ovid (MEDLINE and Embase), PubMed, Web of Science, and Scopus, with no language or date restrictions, and excluding
reviews, commentaries, letters, editorials, preprints, conference papers, and study protocols. Each record was independently
screened by two reviewers, who thoroughly discussed and agreed upon its final inclusion in the analysis. We used a modified
version of the Kirkpatrick model as an analytical framework for the final dataset.

Results: Twenty-seven studies were included. Most were published in 2025 (n=21) and in the Journal of Medical Internet
Research or its sister journals (n=9). The educational interventions described included GenAl used for simulated patient
experiences, knowledge or decision support, and content generation. The majority of studies fell under Kirkpatrick level 1
(n=23), focusing on initial user reactions. The studies that fell under Kirkpatrick level 2 (n=16) examined learning outcomes
in terms of knowledge gain, skill acquisition, and learning attitudes. No studies were classified as Kirkpatrick level 3. Three
studies demonstrated explicit theoretical grounding and therefore were classified as Kirkpatrick level 4 in our modified model.
Only 13 studies spanned across levels. Numerous studies fell outside the model, including studies without student-facing
interventions (119 studies) and studies focused on GenAl performance (110 studies). Although these studies were not included
in the final analysis, they revealed the extent to which other topics dominate the academic conversation on GenAl in medical
education.

Conclusions: Our review highlights the volume of studies that prioritize tool performance over learning processes, as
well as a trend toward the fragmentation of educational design elements in research evaluating GenAl-enabled educational
interventions. Therefore, based on our findings, we developed the Technology-Integrated Educational Design (TIED) road
map that reimagines the Kirkpatrick model as a tool to guide student-centered, theory-driven, and iterative design of technol-
ogy-enabled educational interventions. By integrating preinstructional exploration, mechanism-oriented thinking, educational
design, implementation, and evaluation within a single student-centered framework, the road map encourages educators and
researchers to consider not only whether technology-enabled interventions work and are acceptable, but also how, for whom,
and under what conditions they support meaningful learning.
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Introduction

Amid the rapidly expanding access to Al and generative
Al (GenAl)—large language models that can produce text,
images, and video—the integration of these technologies into
medical education appears inevitable [1,2]. Beyond early
reflections on Al literacy needs [3], many reviews focus
either on trustworthiness (such as reporting Al performance
in medical examinations [4]) and broadly defined effec-
tiveness [5], or on opportunities, challenges, and future
directions [6-8]. These accounts primarily propose broad
implementation directions and map potential uses, includ-
ing personalized learning, workload reduction, and learner
engagement optimization [6], as well as curriculum devel-
opment, educational resource optimization, and institutional
efficiency gains [9-11]. As such, the literature tends to
emphasize institutional or faculty benefits and positions
students mainly as users of technology rather than as subjects
of learning change.

Surprisingly few reviews explicitly foreground students
in discussions, despite students being the primary recipients
of educational interventions. One example was a review
by Izquierdo-Condoy et al [12] examining the impact of
GenAl on cognitive engagement in medical education,
finding evidence both of its potential benefits (improved
scores on critical thinking, critical awareness, and self-direc-
ted learning) and risks (increased cognitive offloading and
reduced evaluative judgment). However, only 5 empirical
studies were included in their analysis. Similarly, Pham
et al [13] analyzed empirical studies to assess the align-
ment between GenAl use and learning types using Lauril-
lard’s Conversational Framework, finding that GenAl most
frequently supports learning through practice (73%), inquiry
(70%), production (67%), and acquisition (55%), but far less
often through discussion and collaboration (12% each). Their
approach focused on how students used GenAl rather than its
impact on their learning.

Positioning students at the center of intervention design
and evaluation, this review examines what changes occur for
learners following GenAl-enabled educational interventions.
To address this, we draw on the widely used Kirkpatrick
model. First introduced in the 1950s as one of the earliest
systematic approaches to evaluating training [14], the model
comprises 4 outcome-focused levels: reaction (learners’
responses), learning (acquisition of knowledge, skills, or
attitudes), behavior (transfer of learning into practice), and
results (broader organizational outcomes, such as improve-
ments in quality, productivity, or efficiency).

Despite critiques—outlined in the Methods section—the
Kirkpatrick model remains widely implemented in medical
education research [15] because it offers a structured lens for
examining change resulting from educational interventions
and a clear typology for situating outcomes. Recently, the
model has been applied to analyze GenAl-related impacts
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on learning in health professions education (HPE), including
studies examining feedback effects [16], national implemen-
tation contexts in Indonesia and China [17], and applications
within resident and nursing populations [18]. These studies
generally categorized outcomes into Kirkpatrick levels 1 to
4 (corresponding to student reactions, learning outcomes,
behavioral change, and broader impacts) without detailed
interpretation of what these categories mean and how they
apply to HPE contexts. Building on this work, our review
focuses specifically on undergraduate (preresidency) medical
education and asks what changes occur for students following
GenAl-enabled interventions.

Methods
Study Design

This study follows scoping review logic and procedures
[19] and reports according to the PRISMA-ScR (Preferred
Reporting Items for Systematic Reviews and Meta-Analyses
extension for Scoping Reviews) and PRISMA-S (Preferred
Reporting Items for Systematic Reviews and Meta-Analyses
Literature Search Extension) guidelines [20,21] (Checklist 1).
This approach is suitable for analyzing a range of studies to
describe and map the overall picture of the current scope of
the evidence in the field [22]. Given the nature of the study
design, ethical approval was not required. Similarly, as per
scoping review methodology, we did not formally assess the
quality of the included studies [23]. The protocol for the study
has not been published or formally registered. An operational
workflow, discussed as a team, guided the conduct of the
review; consistent with the exploratory and mapping-orien-
ted nature of scoping reviews, aspects of the approach were
refined as our understanding of the literature developed.
These adaptations, described in the following section, relate
primarily to the analytical framework.

Analytical Framework: Adaptations of the
Kirkpatrick Model

Rationale for Adapting the Kirkpatrick Model

We selected the Kirkpatrick model as the analytical frame-
work due to its widespread use in medical education and its
use in organizing educational outcomes in a straightforward
and systematic manner. At the same time, we recognize that
the model has been subject to critique; we therefore outline
key points, not to dismiss the framework, but to demonstrate
awareness of its limitations and to justify our adaptations
and analytical decisions. Articulating this rationale is both a
matter of conceptual rigor and methodological transparency.

In assessing the use of the Kirkpatrick model in medical
education, scholars have noted a few critical issues. The
main line of critique concerns the model’s simplicity —also its
strength—which may result in an oversimplified representa-
tion of complex educational dynamics [24], analyses lacking
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nuance [25], and assumptions of causal linkages between
levels that implicitly privilege higher-level outcomes [26].
In line with these critiques, Allen et al [26] propose alterna-
tive program evaluation frameworks that, in their view, better
capture the complexity of HPE interventions, such as realist
review or the context-input-process-product (CIPP) evalua-
tion.

The decision not to substitute the Kirkpatrick model with
an alternative framework reflects our view that evaluation
frameworks must be commensurate with the nature of the
available evidence, and that many included studies lacked
the detailed reporting required by proposed frameworks
(nuanced context-mechanism-outcome description for realist
evaluations; data on needs assessment prior to the inter-
vention, process, implementation fidelity, cost-effectiveness,
or unintended consequences for CIPP-informed analyses).
Applying these frameworks would refocus the review and tilt
it toward a reflection on the extent of underreporting. Our
decision does not imply disagreement with the propositions of
Allen et al [26] but is rather a consequence of the nature of
current reporting approaches. We did, however, introduce a
few modifications to the usual Kirkpatrick model.

Reinterpretation of Levels 3 and 4

The Kirkpatrick model was originally developed for business
and industrial settings in which training outcomes can be
directly linked to behavior (level 3) and organizational
impacts (level 4) that are measured in readily available
real-world settings. In the context of undergraduate medical
education, study authors rarely have access to clinical settings
or measurable organizational or patient-level outcomes, as
the learning is, by design, preclinical. Moreover, academic
research papers are produced within a different communi-
cative and epistemic context from institutional evaluation
reports, with a primary aim of advancing knowledge rather
than documenting operational impact. A strict reading of
behavioral outcomes (level 3) as demonstrated exclusively
in clinical settings would be overly restrictive in the context
of undergraduate studies. We therefore extended the level 3
interpretation to include behavior enacted consistently and
continuously, that is, learning translated into sustained forms
of behavior demonstrated continuously rather than through
one-off performances, such as a single-instance simulation or
an objective structured clinical examination (OSCE).

Similarly, we broadened our interpretation of level 4
by expanding it to “clinical/patient outcomes or pedagog-
ical grounding.” This adaptation involved two conceptual
steps. First, we reconsidered what constitutes system-level
results in medical education. In their critical analysis of
the Kirkpatrick model, Yardley and Dornan [27], drawing
on the Best Evidence Medical Education (BEME) collabora-
tion, interpret level 4 as comprising two distinct dimensions:
delivery of care or patient outcomes (“Level 4a Change in
organizational practice: wider changes in the organization
or delivery of care, attributable to an educational program;
Level 4b Benefits to patient/clients: any improvement in the
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health and well-being of patients/clients as a direct result of
an educational program” [27]). This interpretation provides
greater specificity regarding what “results” may represent
within medical training, where improving health care delivery
and patient outcomes are the ultimate objectives. However,
although such outcomes are theoretically possible, they
are unlikely to be routinely measurable in undergraduate,
particularly preclinical, medical education, where students
have limited opportunities to influence—and for researchers
to test—clinical practice. Applying such an interpretation of
level 4 would therefore render the category largely unattaina-
ble.

As a consequence, we returned to the Kirkpatrick literature
itself to examine how “results” are conceptualized. Kirkpa-
trick and Kirkpatrick [14] argue that one of the most common
misconceptions surrounding level 4 arises because “professio-
nals...define results in terms of their small, individual area
of the organization instead of globally for the entire com-
pany.” They further explain that, particularly in not-for-profit
organizations, this means “accomplishing the mission while
responsibly using the resources available” [14]. We interpret
this as suggesting that level 4 should be understood relative
to the mission of the organization rather than through a fixed
set of outcomes. Given that undergraduate medical educa-
tion is delivered within universities, the university’s mission
provides the appropriate frame of reference; that is, following
John Henry Newman'’s description, a university “educates the
intellect to reason well in all matters, to reach out towards
truth, and to grasp it” [28]. Consequently, initiatives that
are explicitly grounded in educational theory and designed
to test, refine, or extend pedagogical knowledge contribute
to this institutional mission. This interpretation is consistent
with arguments that educational theory should function as
a mechanism for cumulative knowledge development rather
than as a decorative addition to educational research [29].
Furthermore, Kirkpatrick links level 4 evaluation to needs
assessment and problem definition, emphasizing alignment
between design and outcomes [14], hence suggesting that
reflection on level 4 needs to start early in the process.

Accordingly, we reconceptualized level 4 as represent-
ing evidence of system-level impact, operationalized either
through demonstrable clinical or patient outcomes, or through
theoretically grounded educational research that advances
pedagogical knowledge. For example, Shalong et al [30]
grounded their intervention in self-directed learning theory
and evaluated this pedagogical construct (level 4), assessed
reactions (level 1), as well as learning outcomes through
validated pre-post questionnaires, demonstrating changes in
learning (level 2)—no observable behavioral change was
evaluated over time (level 3).

Beyond the Model

Following another prominent critique of the model—
discouraging nuanced analysis of the processes—we decided
to add one more level to examine reporting on the mech-
anisms underpinning the interventions. Its focal question
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was “What worked, how, and why?” Lastly, we remained
attentive to studies excluded from full-text analysis, using
them to inform the broader contextual understanding of the
field, even when this extended beyond the traditional scope of
the Kirkpatrick model.

Search Strategy, Study Eligibility, and
Selection

The population-concept-context framework was defined as
follows: the population comprised undergraduate medical
students, the concept was the use of GenAl in medical
education, and the context was education-related empiri-
cal research (Multimedia Appendix 1). We developed and
refined the search strategy through iterative testing. An
electronic search was conducted between September 22 and
September 24, 2025, across Ovid (MEDLINE and Embase),
PubMed, Web of Science, and Scopus to maximize coverage.
Free-text terms ([“GenAI” OR “generative AI” OR “large
language model” OR “gpt” OR “deepseek” OR “LLM”]
AND [“medical student” OR “medical education”]) aimed
at maximizing coverage were applied to titles and abstracts,
with no language or date restrictions.

The search yielded 2316 records. After deduplication, we
used TERA (The Evidence Research Accelerator) tools [31]
to screen 923 records according to inclusion and exclusion
criteria that were thoroughly discussed and agreed upon as a
team. Our a priori exclusion criteria comprised (1) reviews,
commentaries, letters, and editorials; (2) preprints, confer-
ence papers, and study protocols; and (3) studies that did
not pertain to undergraduate medical education (ie, postgradu-
ate medical education—residency or continuing professional
development; we allowed studies with mixed populations,
provided that the population of interest was included). During
title and abstract screening, it became apparent that many
records concerned the technical performance of GenAl or
GenAl use without student-facing interventions. Because
the Kirkpatrick model is designed to evaluate educational
interventions, it would not be possible to extract relevant
information and evaluate these studies within the chosen
model. Hence, we refined and tightened the -eligibility
criteria to include only student-facing intervention studies.
As a result, 2 categories of studies were excluded from
the final analysis. First, studies evaluating GenAl perform-
ance in medical examinations without student participants
were excluded, as they focused solely on whether GenAl
could simulate student performance. Second, we excluded
studies on GenAl in medical education that did not include a
student-facing intervention-based study focused on educa-
tional student outcomes, for example, studies where content
generation was evaluated, or students’ awareness of GenAl
tools was studied.

During the title and abstract screening, each researcher
independently screened their assigned set of records; we then
reached an agreement in pairs (records numbered 1-462:
AP and ON; 463-923: SPH and JH). To ensure consistent
application of the eligibility criteria, the authors (AP, ON,
SPH, and JH) met on multiple occasions to discuss the
screening approach. We also conducted a dedicated in-person
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meeting to jointly review a sample of 40 records to test
the consistency of the shared interpretation of the eligibility
criteria. The team determined that the level of agreement
was sufficient to proceed; however, agreement statistics were
not formally recorded. This process resulted in 269 eligible
records. The tightened inclusion criteria yielded 45 studies
to be sought for retrieval. After full-text screening, the final
dataset comprised 27 records.

Data Extraction, Analysis, and Synthesis

Data were extracted in pairs using a collaboratively devel-
oped and piloted template and recorded in Microsoft Excel.
Following full-text analysis, extracted data were reviewed
and finalized through team consensus. Unstructured data were
standardized to enable quantitative synthesis, and descriptive
statistics were used to summarize key characteristics as well
as the Kirkpatrick classification. Data extraction included
country, aim, study design, use (purpose) of the GenAl tool,
data collection, results and outcomes, reference to pedagogi-
cal theory, the Kirkpatrick level, and notes. We allowed for
nonexclusive categorization across Kirkpatrick levels; that is,
individual studies could be classified under more than one
level.

In light of the use of AI for textual data coding observed
in our dataset, we needed to take a clear position on
how such studies should be classified and what constitutes
qualitative analysis. Our classification reflects a stance rooted
in qualitative research traditions, in which coding is under-
stood as the beginning rather than the endpoint of qualita-
tive analysis [32,33]. We considered studies to be qualitative
or mixed methods only if they demonstrated core quali-
tative commitments such as interpretive labor, reflexive
engagement, contextual meaning-making, and an accounta-
ble analytic narrative. In our view, combining descriptive
qualitative analysis focused primarily on the summarization
and quantification—which already entails limited interpre-
tive accountability—with automated, nonhuman analytic
judgment does not demonstrate the interpretive and account-
able meaning-making that characterizes qualitative inquiry.
We do not dismiss the value of automated topic classifica-
tion methods; however, none of the studies that relied on
semiautomated Al coding in our dataset provided evidence
that such interpretive effort had been undertaken; hence, we
classified them as quantitative, even if they self-identified
as mixed methods, which may be recognized as represent-
ing a rather conservative methodological stance [34] within
contemporary discussions on automating qualitative research
[35,36].

Ethical Considerations

As a review of previously published literature, this study did
not require ethical approval.
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Results

Study Characteristics

Twenty-seven studies were included in this review (Figure 1),
the majority of which (n=21) were published in 2025, with
a substantial proportion appearing in the Journal of Medical
Internet Research and its sister journals (n=9) or in BMC

Pienkowska et al

Medical Education (n=4). Most studies were conducted in the
United States (n=6) and China (n=5), with the remainder from
Germany, Japan, Mexico, Sweden, Colombia, France, India,
Italy, Turkey, and the United Kingdom. Most studies used
quantitative designs (n=23), with 4 studies (2 mixed methods
and 2 qualitative studies) [37-40] that used Al to automate
qualitative analysis and were therefore not classified as mixed
methods.

Figure 1. PRISMA-ScR (Preferred Reporting Items for Systematic Reviews and Meta-Analyses extension for Scoping Reviews) flow diagram for the
scoping review of the Kirkpatrick classification of generative Al use in medical education. HPE: health professions education.
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GenAl was used for 3 purposes: simulated patient experience
(n=13), knowledge or decision support (n=10), or educational
content generation (n=4). Most studies (n=25) used OpenAl’s
ChatGPT either as a standalone tool (n=17) or integrated
within other platforms or multitool workflows (n=8). Other
standalone tools included DeepSeek and Kimi Chat. In a few
cases, GenAl tools were used in conjunction with other digital
tools, including Stable Diffusion [37,38], DALL-E 3 [41],
Leonardo.ai [37], and Whisper-3 [39]. Two studies [37,38]
presented particularly sophisticated workflows incorporating
tools for plot, image, narration, and audio generation to create
videos.
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Classification of Included Studies

The Kirkpatrick-focused analysis yielded 23 studies falling
under level 1, 16 under level 2, 3 under level 4, and
none under level 3 (see Figure 2, illustrating nonexclu-
sive categorization). The studies falling outside the usual
Kirkpatrick model —“how,” preinstructional preparatory, and
exploratory levels—are described separately. The overview
of included studies is presented in Table 1 (an expanded
version, with the rationale for level classification, is available
in Multimedia Appendix 2).
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Figure 2. Distribution of studies on generative Al (GenAl) based on the expanded Kirkpatrick levels.
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Table 1. Kirkpatrick classification of generative Al (GenAl) in medical education: overview of studies.
Included studies Kirkpatrick levels?
Reference Use of GenAl Concise results Level 1® Level 2° Level 3¢ Level 45  Level “how™®
Amano et al [42] Knowledge/ Low prior GenAl use; skeptical views v X X X X
decision support toward medical applications but openness
to future nonmedical use
Bland 2025 [37] Educational Preference for GenAl-enhanced content v/ X X X X
content generation  over traditional teaching, with high
scores across situational interest
dimensions
Borg et al 2024 [43]  Simulated patient ~ More authentic and interactive learning v/ X X X X
experience compared to the conventional
computer-based platforms. Three main
themes were identified: authenticity,
virtual patient application, and strengths
and limitations
Ebihara et al [44] Knowledge/ Positive perceptions; valued for clarity v X X X X
decision support and support, and used mainly for
workload and communication rather than
emotional stress
Holderried et al [40]  Simulated patient ~ Overall positive user experience v X X X X
Laverde et al [45] Simulated patient ~ Overall positive user experience v X X X X
Liu et al [46] Simulated patient ~ Helpful; expression of a desire to use it v X X X X
again in the future
Peralta Ramirez etal ~ Simulated patient ~ High satisfaction (clarity, v X X X X
[47] appropriateness, and usefulness)
Tekin et al [48] Educational Good test performance; clear GenAl v X X X X
content generation  outputs and high interest in retaking the
examination
Thesen et al [39] Simulated patient  Positive experiences with flexible, low- v X X X X
pressure learning and real-time feedback;
authenticity limitations noted
Borg et al 2025 [49]  Simulated patient ~ Positive perceptions; themes included v v X X X
realism, immersion, skill development,
and procedural limitations
Dupont et al [50] Simulated patient  Significantly higher OSCED scores in the v/ v X X X

intervention group
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Included studies

Kirkpatrick levels?

Reference Use of GenAl Concise results Level 1 Level2¢ Level 39  Level 45  Level “how”8
Hassoulas et al [51] Simulated patient ~ Better performance in formative v v X X X
assessments
Li et al [52] Knowledge/ Higher scores and faster completion; v v X X X
decision support effective for basic knowledge but limited
for complex reasoning, with concerns
about reduced interaction and
homogenized learning
Mashburn et al [53] Knowledge/ Greater knowledge gains among women; v/ v X X X
decision support no gender differences in accuracy or
satisfaction
Sudrez-Garcia et al Simulated patient ~ Improved performance; lower baseline v v X X X
[54] empathy and higher digital self-efficacy
predicted higher improvement
Wang et al [55] Simulated patient  Significantly higher posttraining scores v/ v X X X
with improved motivation,
communication skills, and satisfaction
Weuthen et al [56] Knowledge/ Better performance; increase in self- v v X X X
decision support assessment with regard to specialist
knowledge
Worthley et al [38] Educational Better performance; improved v v X X X
content generation  engagement and interest; preference over
other formats
Yamamoto et al [57]  Simulated patient  Significantly higher scores in medical v v X X X
interviews
Briigge et al [58] Simulated patient ~ Better performance based on clinical X v X X X
reasoning indicator
Gan et al [59] Knowledge/ Better performance X v X X X
decision support
Montagna et al [60] Knowledge/ Faster answering time, but the clinical X v X X X
decision support practice guidance group performed best
in nearly all domains
Alomar et al [41] Educational Stable performance over time; higher v v X v X
content generation  situational interest
Shalong et al [30] Knowledge/ Sustained improvements in self-directed v/ v X v X
decision support learning and critical thinking over time
Kalam et al [61] Knowledge/ Initial performance gains were not v v X v v
decision support maintained, with no differences in
retention at 1-week follow-up
Skryd and Lawrence ~ Knowledge/ Themes: discrete medical knowledge X X X X v
[62] decision support inquiries, building differential diagnoses

and engaging dual process thinking,
challenging medical axioms, using
cognitive aids to support acute care
decision-making, and facilitating
conversations with subspecialties and
others

4y indicates the characteristic was present; X indicates it was absent.
b evel 1: reaction.
®Level 2: learning impact.

dLevel 3: behavior impact (behavior enacted consistently and continuously).

®Level 4: system impact (clinical/patient outcomes or pedagogical grounding).
fLevel 4 was adapted as described in the Methods section and is therefore not directly comparable with level 4 in conventional applications of the

Kirkpatrick framework.

gLevel “how”: proposed additional level for conceptually comprehensive examinations of educational impact.

hOSCE: objective structured clinical examination.

Level 1: Reaction

A total of 23 studies addressed Kirkpatrick level 1, which
focuses on learners’ reactions to an educational experience,
typically measured through satisfaction [47], perception [50,
61], or engagement [41]. The majority of these studies
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explored the perceived utility of GenAl tools in support-
ing clinical reasoning. Interventions included virtual patient
platforms [39,40,434547,49,51], Al-supported mentoring
[44], history-taking exercises [46,55], and OSCE preparation
[50,57]. Several of these studies also leveraged GenAl’s
capability for automated feedback generation platforms [39,

J Med Internet Res 2026 | vol. 28 196099 | p. 7
(page number not for citation purposes)


https://www.jmir.org/2026/1/e96099

JOURNAL OF MEDICAL INTERNET RESEARCH

46,47]. Additional applications included the use of GenAl
as a study resource or teaching assistant [30,42,52,56,61],
question-generation tools [48], narrative-based short case
videos [37,38], as well as other functions, such as answering
clinical queries [53] and generating diagnostic images [41].

Students reported that GenAl-generated questions were
clear [48], and satisfaction surveys consistently indicated
high levels of satisfaction and favorable impressions of
GenAl-generated outputs [40,46,55,56]. Several studies also
noted that learners perceived a greater sense of authen-
ticity when engaging with GenAl tools [41,43]. Addition-
ally, some studies reported associations with self-reported
improvements in self-directed learning [30], as well as with
the integration of GenAl with other digital technologies to
support simulation-based education [45,49]. These positive
self-reported reactions largely reflect an initial response to the
tool. However, it is equally important to examine whether
meaningful learning occurred and which specific educational
interventions supported it.

Level 2: Learning

Sixteen studies examined learning outcomes, including
knowledge recall or application, skill acquisition, learning
attitudes, and combinations of these. Of the 7 studies focusing
on knowledge gain, 4 assessed this based on multiple-choice
questions (MCQs) testing recall of content in examinations
or quizzes [38,41,59,61]. The other 3 studies tested knowl-
edge application through case studies with open-ended
questions [60] or a mixture of open-ended and MCQs [53,
56]. Of the 6 studies focusing on skill acquisition (eg,
clinical reasoning and communication skills), 3 assessed this
through OSCEs or their equivalent [50,55,57], 2 assessed this
through interactions with human-simulated patients [54] or
ChatGPT-simulated patients [58], while the remaining study
surveyed participants on their self-perceived improvements
in skill levels [49]. Three studies explored a mix of learn-
ing outcomes. Shalong et al [30] examined both changes
in learning attitudes, in terms of self-directed learning, and
improvements in critical thinking skills. Hassoulas et al [51]
assessed both knowledge recall through MCQ quizzes and
learning attitudes in terms of self-reported confidence in
scientific knowledge, clinical competence, and opinions of
tech-enabled learning. Finally, Li et al [52] looked at all
3 domains through examination performance (knowledge),
speed of case study completion (skill), and perceptions of Al
tools in learning (attitude).

All but 3 studies reported “significant” improvements
[56,59,60]. Some studies lacked a control group [54,57,61],
while other studies examined the effect of GenAl integrated
with other educational technologies [38,49,51], so it was not
possible to separate the effects of GenAl from other aspects
of the intervention. Five studies used a randomized controlled
trial study design where the GenAl-based intervention was
compared with non—-GenAl-based but equivalent educational
activities [30,52,55,58,59].
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Level 3: Behavior

No studies were classified as examining behavioral outcomes
in clinical settings or behavior enacted consistently and
continuously. Several studies used GenAl tools to support the
development or assessment of skills that held the potential
for impacting behavior, including history-taking [4045 .46,
49,55], communication [50,54], clinical decision-making [51,
58], and medical interviewing [57]. However, this potential
was not realized analytically, as studies focused on learner
reactions [4045,46] or knowledge gains only [51,58], or
assessed isolated or short-term performance —such as through
one-off assessments [54,57] or pre-post OSCE evaluations
[50,55]—rather than sustained behavioral change, indicat-
ing assessment of skill acquisition rather than behavioral
outcomes.

Level 4: System-Level Outcomes

Our expanded interpretation of Kirkpatrick level 4 allowed
us to include 3 studies that demonstrated explicit theoretical
grounding, with theory actively used in the discussion and
a clear alignment between theoretical assumptions, study
design, and interpretation of findings. Shalong et al [30]
examined self-directed learning; Kalam et al [61] grounded
their GenAl intervention explicitly in cognitive load theory;
Alomar et al [41] discussed mnemonic techniques grounded
in learning theory even though the integration of GenAl itself
was not explicitly theorized. By grounding the intervention,
evaluation, and discussion in theory, these studies introduced
insights into student learning impacted by GenAl.

Several studies represented missed opportunities for
deeper theoretical engagement, particularly those using
simulation-based approaches without explicit pedagogical
grounding or analysis of learning processes [40,43,45-47.49,
54,55,57,58]. Other studies referenced educational con-
cepts only superficially—for example, technology-enhanced
learning or the technology acceptance model —thereby using
theory to inform tool development but not the interpretation
of findings [44,51].

Beyond Kirkpatrick (Mechanism Level: “How”)

The most in-depth examination of how GenAl shapes users’
learning was provided by 2 studies: Skryd and Lawrence [62]
and Kalam et al [61]. In a retrospective qualitative study
of medical students using a GenAl-based decision support
system in hospital wards, Skryd and Lawrence [62] demon-
strated a wide range of cognitive and practical processes and
functions. Kalam et al [61], on the other hand, discussed
GenAl integration through the lens of cognitive load theory,
highlighting the mechanisms by which GPT-based support
reduces extraneous cognitive load and contributes to short-
term learning gains.

A few studies partially engaged in describing the
mechanisms of impact but did not answer the question of
how GenAl specifically contributed to or transformed these
pedagogical mechanisms [41,54,58]. Notably, most studies
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engaged extensively with how the tool was built rather than
how learning occurred, providing detailed accounts of system
development and technical implementation [37,40.45 48].

Preinstructional Levels

Level 0.1: No Student-Facing Intervention

A substantial number of studies did not involve students
as participants in an educational intervention. Consequently,
these studies fell outside the Kirkpatrick model. This group
comprised 119 reports (see Multimedia Appendix 3 for
a detailed list) which, although situated within medical
education, focused primarily on the technical capabilities
of GenAl (eg, content generation) or on students’ general
awareness, acceptance, or attitudes toward GenAl, rather than
on its use within specific educational interventions. As these
studies did not examine specific learning processes impact-
ing student learning and educational outcomes, they were
excluded from the final dataset. Nevertheless, given their
prevalence, we highlight this category to contextualize the
broader research landscape.

Level 0.2: GenAl Performance

A second, substantial body of literature evaluated the
performance of GenAl in tests, examinations, or national
medical licensing assessments. Of the 269 papers identi-
fied at the preliminary screening phase, 110 studies (see
Multimedia Appendix 3 for a detailed list) focused exclu-
sively on GenAl performance without involving students as
participants or examining their experiences, preferences, or
learning processes. The prominence of this category suggests
a particular orientation within the field—potentially reflect-
ing an emphasis on technical benchmarking or precautionary
concerns regarding tool safety prior to educational implemen-
tation. Regardless of the underlying motivation, the absence
of student involvement meant that these studies did not meet
the inclusion criteria but concurrently displayed a distinct
trend in knowledge production in the field.

Level Overlap

Of the 27 included studies, 14 were classified within a single
Kirkpatrick category, whereas 13 spanned multiple levels.
Ten studies were positioned across levels 1 and 2, examining
both learner reactions and learning outcomes [38,49-57]. Two
studies spanned levels 1, 2, and 4 [3041], and one exten-
ded further to include the additional “how” category [61],
representing the most conceptually comprehensive examina-
tion of educational impact.

Discussion

Primary Findings

Overall, the Kirkpatrick-focused analysis revealed a strong
concentration of studies on learner reactions and learning
outcomes, with 13 spanning across levels. Beyond the
Kirkpatrick framework, a substantial body of literature fell
outside educational intervention evaluation altogether: 119
studies did not report on student-facing interventions, and
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a further 110 focused exclusively on GenAl performance
in assessments or examinations. Studies at level 1 consis-
tently reported positive learner perceptions and satisfaction
with GenAl-supported tools, while level 2 studies generally
suggested improvements in learning outcomes. Notably, very
few studies examined how GenAl impacted learners or were
theoretically grounded.

Comparison With Prior Work

The predominance of studies reporting outcomes at the
reaction and learning levels, with few addressing behavioral
or system-level outcomes (levels 3 and 4), should not be
viewed as an anomaly. Similar patterns have been documen-
ted not only in GenAl research [16,18], but also across studies
of other educational technologies, such as virtual simula-
tion [63], and instructional approaches including team-based
learning [64]. Prior reviews suggest that evidence at levels
3 and 4 tends to emerge when technologies are examined
over extended periods—for example, in a study of web-based
continuing medical education [65], technology-enhanced
oncology education over a decade [66], or e-learning in
undergraduate clinical education over two decades [67].
These observations indicate that levels 3 and 4 outcomes
may depend on the duration and extent of technology
integration. Given the cyclical emergence of new educational
technologies, with attention frequently shifting to successive
innovations [2], the low prominence or absence of levels 3
and 4 outcomes, understood as outcomes in clinical settings,
is therefore expected; however, in light of the broadened
definitions introduced in this review (sustained behavior for
level 3 and theoretical grounding for level 4), their low
representation points toward a deeper issue in how the field
designs and studies educational interventions.

The Forgotten Medical Student: Students
as Peripheral Analytic Participants

Despite being situated within medical education, a substan-
tial proportion of studies displace students from the center
of inquiry in 2 key ways. First, there is limited use of
explicit theoretical grounding; second, many studies focus on
what GenAl can do for educators or how it performs. The
marginalization of medical students is not new. Ludmerer
[68] described a similar dynamic resulting from the expansion
of biomedical research and clinical service, which produced
what he termed “the forgotten medical student.”

In our analysis, we draw attention to the volume of studies
that prioritize tool performance over learning processes,
thereby directing attention away from how students learn
with, through, or alongside GenAl. In doing so, GenAl
research risks repeating historical cycles of educational
technology enthusiasm without generating durable pedagogi-
cal insight. Our findings mirror those of Aster et al [69], who
reported that 52% of studies focused primarily on demon-
strating GenAl tool performance rather than educational
impact. Similarly, the limited presence of explicit theoreti-
cal grounding reflects broader trends in medical education
research [18,29], despite theory’s importance in explaining
why technology-enabled interventions succeed or fail [29]. A
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related concern is the tendency to treat Kirkpatrick levels as
disconnected evaluative categories rather than interconnected
elements of educational design. Few reviews report stud-
ies spanning multiple levels [70]. These findings reinforce
fragmentation across design, theory, and evaluation, as well
as insufficient foregrounding of students at the outset of
research design. We therefore argue that the key issue is
not insufficient outcomes but insufficient integration across
design, theory, and evaluation, resulting in fragmentation
rather than integration of steps, which results in the systemic
marginalization of students as analytic participants.

Pienkowska et al

From Fragmentation to Integration

We therefore propose the Technology-Integrated Educational
Design (TIED) road map, a fresh look at the Kirkpa-
trick model that encourages the integration of steps across
educational design, implementation, and evaluation (rather
than treating levels as discrete categories for evaluation
purposes only), while also showing the often-overlooked
preinstructional stages of educational innovation. The TIED
road map is intended as a reminder to reposition students at
the center of the intervention lifecycle (Figure 3).

Figure 3. The Kirkpatrick model applied as an educational design road map: Technology-Integrated Educational Design (TIED) road map.

5. Understand (Mechanism): How does it work? What worked, how, and for whom?

4. Evaluate (System): Are there any improvements at the system level (patient/organization/pedagogical

concepts)?

3. Evaluate (Practice): Is there any transfer of learning into practice (behavior enacted consistently)?

2. Evaluate (Learner): Are there any changes in acquisition of knowledge, skills, or attitudes?

Integration
— of steps

1. Listen: What's the learners' response?

needed (initial theory grounding)?

0. Explore: Is the tool trustworthy enough to be used? How can it be used? What are the improvements

An integrated design begins with preinstructional explora-
tion, addressing questions of trustworthiness, appropriateness,
and learner needs: Is the tool suitable for educational use?
How can it meaningfully support learning? What needs
will it meet? This exploratory phase anticipates downstream
learning, behavioral, and system-level implications and is
grounded in theoretical considerations from the outset.
Subsequent stages involve examining learner responses;
evaluating changes in knowledge, skills, and attitudes; and
assessing transfer into sustained practice. Crucially, the logic
also requires mechanism-oriented inquiry that examines how
GenAl functions pedagogically —what works, for whom, and
under what conditions.

Rather than sequential checkpoints, these steps should
inform design, implementation, and evaluation continuously
and iteratively. Without such integration, research risks
reproducing fragmented, single-level studies that prioritize
tool performance or isolated outcomes while marginalizing
students as active participants in learning. The TIED road
map serves as a reminder to maintain student centrality and
support cumulative, theory-informed knowledge development
in GenAl-enabled medical education.

Contributions

The TIED road map has not been conceived in a vacuum
but builds on previous work in educational evaluation,
instructional design, and user-centered digital innovation. We
believe its contributions lie in 4 main areas. First, it extends
the New World Kirkpatrick Model [14], which advocates
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working backwards from desired system-level outcomes. In
doing so, it reinforces the original intention of the New
World Kirkpatrick Model by encouraging its use not only
as an evaluation framework but also as a design framework.
Moreover, the TIED road map adopts this principle of
backward design while concurrently redefining levels 3 and
4 (Evaluate stages for System and Practice) for undergraduate
medical education. In doing so, it encourages educators and
researchers to reflect early in the design process on what
learner behaviors enacted consistently would look like and
how these behaviors might contribute to broader pedagogical
impact.

Second, TIED explicitly incorporates mechanism-oriented
thinking. The road map responds to previous critiques of
the Kirkpatrick model, which have argued that it offers
limited guidance on evaluating intervention mechanisms [24,
25]. TIED explicitly incorporates a mechanism-oriented step,
encouraging early and iterative reflection on how interven-
tions produce educational outcomes.

Third, TIED makes the preinstructional phase explicit.
The Explore stage aligns closely with human-centered
design approaches in [71] by emphasizing the exploration
of learner needs alongside experimentation with the capa-
bilities, trustworthiness, and appropriateness of technology.
Similarly, the Listen stage reflects formative usability and
user experience evaluation and parallels digital innovation
frameworks, such as the IDEAS (integrate, design, assess, and
share) framework for digital interventions, which emphasize
iterative user feedback and refinement throughout the design
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process [72]. Rather than treating these activities as separate
design exercises, TIED incorporates them into the educational
intervention lifecycle, explicitly linking educational design,
educational evaluation, and human-computer interaction.

Finally, the principal contribution of TIED lies in
integrating these perspectives within a single road map. As
Susan Gasson argued, user-centered systems development can
fail to promote human interests when it becomes dominated
by technical goals rather than the people it is intended to
serve [73]. Similarly, educational technology research may
risk treating needs assessment, intervention design, imple-
mentation, mechanisms of learning, and evaluation as isolated
activities. By bringing these elements together within a
single iterative road map, TIED positions students—not the
technology or the evaluation metrics—as the central reference
point throughout the educational intervention lifecycle.

Limitations

This review has several strengths, alongside important
limitations. Given the rapid pace of publication in GenAl,
additional relevant studies may have emerged after the
September 2025 search, limiting the comprehensiveness of
the evidence mapped in this review. We also acknowledge
that expanding the scope of the review beyond undergraduate
medical education to include graduate, in-training, and other
professional education contexts could have provided a more
robust and comparative analysis.

Anticipating critiques aligned with Yardley and Dornan’s
[27] argument that the Kirkpatrick framework rests on
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assumptions best suited to relatively simple instructional
designs and short-term outcomes, we acknowledge that
alternative analytical approaches could yield more action-
oriented recommendations for educators and researchers.
However, given that the field of GenAl in medical educa-
tion remains in an early, exploratory phase, we deliberately
focused on identifying the most salient characteristics and
dominant trends within the existing scholarship. Our aim
was not to prescribe detailed suggestions for practice but to
provide a foundation for broader reflection and to encourage a
shift in prevailing research orientations.

Conclusions

This review demonstrates that research on GenAl in medical
education is currently concentrated on learner reactions,
learning outcomes, and tool performance, with limited
attention to learner-centered processes and mechanisms. We
argue that there is a pressing need for integrated educational
design that connects preinstructional exploration, learning
processes and theory, and evaluative considerations across
stages. We propose the TIED road map, which builds
on established work in educational evaluation, instructional
design, and human-centered digital innovation. By integrating
preinstructional exploration, mechanism-oriented thinking,
and backward design with redefined levels 3 and 4 within
a single student-centered framework, the road map encour-
ages educators and researchers to consider not only whether
technology-enabled interventions work but also how, for
whom, and under what conditions they support meaningful
learning.
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