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Artificial intelligence tools in dermatology education: A scoping review on
their application, efficacy, and limitations
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ABSTRACT

Introduction: Artificial Intelligence (Al) is increasingly
explored for medical education, and dermatology,
with its visual diagnostic focus, holds promise for Al-
enhanced learning. However, evidence on its educational
effectiveness remains limited and fragmented. This
scoping review aimed to assess the evidence base for
applications and limitations of Al-based educational tools
in dermatology.

Methods: A systematic search of PubMed, Embase,
Web of Science, Scopus, and PsycINFO up to July 2025
was conducted. Data were synthesised narratively,
considering types of Al interventions and their assessed
outcomes. These were analysed with the Cost, Usability,
Credibility, Fairness, Accountability, Transparency,
Explainability (CUC-FATE) framework. Study quality
was assessed with ROBINS-I and a COSMIN-informed
checklist.

Results: A total of 827 records were screened, with 360
duplicates removed, yielding 467 studies. Six full-length
studies and 1 conference abstract met inclusion criteria,
mostly from 2023 to 2025. These explored Al-generated
clinical images, Large Language Model-generated
vignettes, intelligent tutoring systems, and clinical decision
support tools. Content validation studies generally
reported favourable ratings for accuracy, clarity, and
educational utility, while intervention studies suggested
possible benefits for learning performance and diagnostic
accuracy. Usability and credibility were commonly
assessed, whereas cost, accountability, fairness, transpa-
rency, and explainability were rarely examined.

Conclusions: Most of the studies reviewed had high risk
of bias, small sample sizes, and limited methodological
rigour, with significant heterogeneity in examined educa-
tional outcomes limiting synthesis. While current initial
studies on Al hold promise, this scoping review under-
scores the need for more robust studies with standardised
evaluation frameworks, prioritising ethical principles such
as fairness, explainability, and accountability for safe
integration in training.
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INTRODUCTION

Artificial Intelligence (Al) technologies—particularly
deep learning algorithms and Large Language Model

CLINICAL IMPACT

What is New

e This scoping review focuses on the emerging
evidence of the direct educational impact of
Al-based educational tools in dermatology and
identifies major gaps in methodological quality,
standardised evaluation, and ethical oversight.

e Asthe use of Al in healthcare and medical education
expands, these findings provide a preview of
opportunities and challenges in Al-based
dermatology training.

Clinical Implications

® The findings support the need for rigorous and
ethically grounded frameworks to guide safe
integration of Al into dermatology education, with
emphasis on educational effectiveness, fairness,
explainability, and accountability.

(LLM) computer systems—have progressed at an
unprecedented pace in recent years, driving innovation
across a wide range of healthcare applications.’
These advancements have resulted in a corresponding
surge in research on the application of Al in medical
education,? including the development of virtual reality
simulators® and intelligent tutoring systems.* Such tools
enable the provision of individualised, innovative and
adaptive learning experiences, allowing students and
physicians to practise medical reasoning.>¢ Moreover,
integrating Al into medical education allows for
distance learning, making medical education more
accessible in resource-constrained areas with limited
resources’ or time due to clinical demands.®

In the field of dermatology, its inherent visual
diagnostic process makes it an attractive possibility
for Al to be applied as an educational tool,” with
similar promise being noted in other visually intensive
specialties, such as radiology, for the enhancement
of clinical competencies and optimising learning
outcomes.’® Al applications—ranging from machine
learning-based diagnostic simulators to image-based
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learning platforms’—have been proposed to improve
diagnostic accuracy, engagement, and learning
efficiency.’”? However, the evidence evaluating the
effectiveness of these technologies in dermatology
education—such as in assessing improvement in
diagnostic accuracy, knowledge retention, clinical
decision-making—remains fragmented and under-
explored, with robust evidence for their use in
dermatology education currently lacking.™

As such, this scoping review aims to address this
gap, examining the current methods by which Al
has been applied to dermatological education. By
charting the existing research landscape and evaluating
current evidence, this scoping review aims to highlight
promising applications and identify limitations in
existing studies. In doing so, this study aims to
suggest future innovations for more efficacious Al
usage, including areas of learner and faculty develop-
ment necessary to integrate Al into dermatological
education.

METHODS

The protocol detailing the search strategies of this
review was formulated by the authors, who registered
this on the International Prospective Register of
Systematic Reviews (PROSPERO, registration number
CRD420251058835) on 22 May 2025 before the study’s
initiation. While initially designed as a systematic
review, in view of the small number of highly hetero-
geneous studies identified, the study was redesigned
as a scoping review after article identification to
provide a broader map of existing evidence. With a
narrow evidence base, assessment on efficacy would
be limited, and hence research questions were refined
to define the applications and limitations of the
selected studies.

Search strategy

The search included the databases of MEDLINE
(through PubMed), Embase, Web of Science, SCOPUS,
and PsycINFO, with the search strategies described in
Supplementary Table S1. All studies published from
the inception of the respective database till 1 July
2025 were included. Based on titles and abstracts,
duplicate studies were first excluded. The remaining
studies were then evaluated based on titles and
abstracts for their relevance to the use of artificial
intelligence in dermatological education.

Selection of articles

Studies published in any language, from all countries,
were considered for review. Randomised controlled
trials, non-randomised controlled studies, pre-post
intervention studies, and observational studies were
included if they referred to direct application of Al
in dermatological education. Efforts were made to
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obtain full-length studies for findings highlighted in
conference abstracts. Studies were considered at
various levels of healthcare education, including that
of medical students, residents (especially dermatology
and general medical trainees), and non-dermatology
clinicians involved in dermatology learning. Tools used
solely for clinical diagnosis without an educational aim,
editorials, opinion pieces, protocols without results,
and studies focused solely on Al tool development
without educational evaluation were excluded. As
title and abstract screening was done jointly, formal
recording of reviewer disagreements and calculation
of inter-rater reliability were not applicable.

Data collection

Data were extracted via a standardised collection
form, with authors’ names, publication date, country
of publication (as defined by the setting of data
collection), type of study, and level of healthcare
education of the intended learner audience. Following
this, categorisation was performed of the types of
artificial intelligence educational tools assessed, any
specific learning outcomes examined and overall
conclusions.

Data analysis

In this review, the articles identified displayed signifi-
cant heterogeneity, preventing meaningful pooling
and synthesis of educational outcomes. As such,
a scoping review was conducted according to the
methodological framework proposed by Arksey and
O’'Malley™ and refined by Levac et al.," and was
reported in accordance with the Preferred Reporting
ltems for Systematic Reviews and Meta-Analyses
extension for Scoping Reviews (PRISMA-ScR) checklist
(Supplementary Table S2).'* With the extracted data,
a narrative account of findings was produced,
considering the types of Al interventions and the
educational outcomes assessed. The limitations and
gaps in these studies were also identified.

The studies were categorised based on various
aspects of Al technologies specifically measured by
each study. Utilising an approach developed by
Quttainah et al.”” examining enablers for the use
of LLMs in medical education, an assessment was
made on whether the parameters of Cost, Usability,
Credibility, Fairness, Accountability, Transparency, and
Explainability (CUC-FATE) were considered by each
included study.

Quality assessment

Only non-randomised studies were obtained, and
their methodological quality was assessed. Study
quality of quasi-experimental studies was assessed
using the Cochrane Collaboration’s Risk Of Bias In
Non-randomized Studies of Interventions (ROBINS-I)
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tool,’® modified for usage in before-after studies. As
no established appraisal tool exists for validation of
Al-based educational content, content validation
studies were assessed based on a framework devised
by the authors, informed by the COnsensus-based
Standards for the selection of health Measurement
Instruments (COSMIN) checklist for content validity.”
This framework examined core tenets of the COSMIN
checklist, including relevance, comprehensiveness
and clarity, as well as recommendations regarding
expert involvement and qualitative evaluation during
instrument development.

There are also currently no suitable frameworks for
assessing the quality of Al-powered interventions in
medical education. The commonly used Transparent
Reporting of a multivariable prediction model for
Individual Prognosis or Diagnosis (TRIPOD) criteria,
while modified recently to account for machine learning
methods,?® work to evaluate predictive models by
their performance, and cannot be directly applied
to effectiveness in medical education. As such, a
framework previously utilised by Bates et al.?" also
referenced in other reviews on artificial intelligence in
healthcare education,?? was utilised.

Fig. 1. Database search.

Identification of new studies via databases and registers

Records identified from:
Databases (n = 827):

Records removed before screening

Web of Science (n = 96)
S =348 _+ !
F‘gﬁsﬁn(?n = TB; Duplicate records (n = 360)

PubMed (n = 180)
Embase (n=125)

Identification

'

Records screened Records excluded
[n = 467) (n = 406)

|

Reports not retrieved
(n=0)

Reports sought for retrieval
(n=61)

Saeening

Reports excluded
y No educational aim (n = 27)
Reports assessed for eligibility Pure diagnostic aid (n = 12)
(n=61) Protocol without results (n = 9)
No Al focus (n = 6)
Reviews (n =2)

5 studies included
from search

New studies included in review
(n=T7)

RESULTS

Search results

The comprehensive search of PubMed, Embase,
Web of Science, Scopus, and PsycINFO yielded
827 studies, of which 360 duplicates were excluded
(Fig. 1). From the remaining 467 studies, 406 were
excluded based on titles and abstracts. In total, 61
studies were retrieved and assessed for eligibility,
of which four full-length studies and one conference
abstract were identified. Further search of citations
yielded two other relevant articles,??* with a total
of 6 full-length studies and 1 conference abstract?#
selected for review.

A decision was made to include a conference
abstract?”’ to allow comprehensive mapping of the
dermatological educational landscape, in accordance
with a proposal by Scherer et al.*° An attempt was made
to contact the authors and examine study registers
and published protocols to obtain further information
on methods and results, but without success. However,
due to its brevity, there was limited ability to appraise
the abstract for its design, risk of bias, and assessed
educational outcomes, which is noted in the subse-

Identification of new studies via other methods.

Records identified from
Citation searching (n = 2)

\J

Reports sought for retrieval Reports not retrieved
(n=2) (n=0)
Reports assessed for eligibility Reports excluded:
n=2) ’ (n=0)

Induded

Full length studies (n=6)
Conference abstract (n=1)
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quent discussion. The PRISMA flowchart for this study
was created with the aid of an app designed by
Haddaway et al.*’

Description of included studies

The general characteristics of studies are summarised
in Table 1, with specific outcomes examined summa-
rised in Table 2 and further laid out in a frequency
table for content validation studies (Supplementary
Table S3). Out of the 6 identified studies and 1
conference abstract (henceforth considered with
the rest of the studies), 6 of these were conducted
over the past 3 years (2023-2025)22¢—with 1 study
focusing on an intelligent tutoring system in 2008.%
Four of the studies were conducted in the US,2+27-%
and 1 each in Italy, Australia, and Germany.?3>2¢

Three of the studies (including the conference
abstract) were assessed as quasi-experimental, defined
here as studies analysing the effect of interventions
without the assignment of experimental and control
groups??’2?; while the remaining 4 studies?*2%
were designed as cross-sectional studies for content
validation, defined here as studies which focused on
rating the quality and accuracy of Al output. Three
studies had a stated targeted audience who were
residents,?>%2? three studies had a stated targeted
audience who were medical students,?*?*?’ and one
study general practitioners.??

Al technologies examined

Many studies focused on the utilisation of generative
Al, including 2 for image generation?®?¢and 3 for text
generation.2428 Al studies examining text generation
utilised ChatGPT in its various models, with 2
studies®*?® attempting to generate questions for use
in clinical examinations. The last study? attempted
to assess the LLM’s ability to answer questions about
acne vulgaris for education and was unique in assessing
the LLM’s ability to identify appropriate reference
literature for learners.

Out of the 2 remaining studies, the first evaluated
an intelligent tutoring system in dermatopathology
serving as a precursor to modern Al today.?” The
second, a conference abstract, provided a different
approach, utilising a clinical decision support system
for medical students in an outpatient setting, creating
a list of differential diagnoses during patient review.?

Educational outcomes examined

Both  full-length  quasi-experimental  studies???
attempted to examine the improvement of clinical
competence, with 1 image-generation study? looking
at the improvement in learning accuracy (albeit in a
small sample of students, which cannot be interpreted
as evidence of educational benefit), while another
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study on intelligent tutoring® looked at the frequency
of errors. The conference abstract?’ evaluating a
clinical decision support system appeared to only look
at patient perception and utilisation time of the Al
tool, although the absence of a full-text limits
assessment. The significant heterogeneity of these
educational outcomes prevented further synthesis
and comparison.

All studies designed for content validation attempted
to break down the characteristics of Al-generated
output important for educational use. The 3 studies
focused on LLMs?*2428 |ooked at accuracy and clarity of
material generated, though they diverged significantly
in aspects they found important for education.
The content validation study for Al-generated images®
looked similarly at accuracy and utility for clinical
education.

Quality assessment

The 3 quasi-experimental trials (including the
conference abstract) were analysed with the ROBINS-
tool with all studies assessed having a serious overall
risk of bias (Table 3). None of the trials provided data
on the participant recruitment or measures to control
for confounders. In the conference abstract,?” while
there was limited information to assess for the risk of
bias, the authors only recruited two medical students
to test the intervention.

In assessing content validation studies on Al-
generated materials,2%2% a content validity checklist
informed by the COSMIN approach was adopted’
(Table 4). All studies had clear descriptions of
measured constructs and assessed relevant (but
different) characteristics of Al-generated materials.
They also all used clear Likert scales for assessment,
involving experts in its development and reporting
on inter-rater agreement. Three out of 4 studies
were significantly lacking in having a small number of
individuals assessing the suitability of teaching material,
and only 1 out of 4 studies reported qualitative insights.

When analysed using the approach by Bates et
al.?" (Supplementary Table S4), the accuracy of the
Al-based educational technologies was often unvali-
dated, and information with regard to uncertainty and
data-handling was not provided in all studies.

Enablers of Al in medical education

Studies were assessed for examination of the key
features of the CUC-FATE framework! (Table 5) for
effective and safe usage of Al in medical education,
but many of these elements were not assessed in
identified studies. While all studies examined the
usability of Al technology, and 6 out of 7 studies
examined their credibility, none of the studies assessed
issues regarding cost.
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Table 1. Description of included studies.

Reference/ Study design/ Al Sample size/number Study overview Outcomes assessed
country of intended learner technology of assessors
study audience assessed
Cevik et al. Content validation Al image Images assessed by 3 Three prominent Al models were assessed on their ability to Adequacy and accuracy in representing
(2025)% study generation doctors, namely, 2 plastic generate authentic looking images of skin cancers (squamous real-world pathology
surgery residents and 1 cell carcinoma, basal cell carcinoma and melanoma) as
Australia Residents specialist plastic surgeon. educational resources. Images underwent an accuracy Utility in clinical education
check using Al Dermatologist’s machine learning
algorithm.
Naldi et al. Content validation LLM The answers and Open Al GPT-4 was instructed to generate information Questions were assessed on 5 domains:
(2024)% study references were for a CME on the treatment of acne vulgaris. A 23-item quality, readability, accuracy, thoroughness,
independently evaluated questionnaire was developed by the authors from National and consistency with guidelines
Italy General practitioners by a panel of 5 doctors, Institute of Clinical Excellence (NICE) guidelines and
including 4 residents prompted into the LLM. These were evaluated via a Likert References were assessed on 3 domains:
and 1 dermatologist scale, with room for qualitative judgement. pertinence, relevance, and whether they
were updated
The LLM was also instructed to quote 3 references from
biomedical literature to support the answers provided.
After these were validated, the references were evaluated
by the same 5 doctors via a Likert scale, with room for
qualitative judgement.
Pielage et al. Quasi-experimental Al image 93 students were Al Diffusion models were used to generate images of Perceived competence of students after
(2025)% study generation involved in the 3D malignant melanoma and benign nevi. These lesions were training
simulation. embedded into a 3D model of a virtual patient and
Germany Medical students integrated into a fully interactive virtual 3D simulation Realism of lesions
The small user study for a group of students. Improvement in learming accuracy
involved 7 students for
comparative analysis A small user study was also conducted with seven students,
with a learning group of four students provided with
Al-generated images of nevi and melanoma, and a control
group of three students not provided with these images.
They were then tasked to classify 20 selected real images
of nevi and melanoma.
Rao et al. Content validation LLM Assessed by 3 practising The Open Al GPT 4.0 model was tasked to generate Alignment to scientific consensus
(2025)* study attending physicians 20 clinical vignettes in dermatology for medical student Comprehensiveness
education, and these were assessed on a Likert scale Risk of clinical harm
us Medical students Demographic bias

Clinical quality
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Table 1. Description of included studies. (Cont'd)

Reference/ Study design/ Al Sample size/number Study overview Outcomes assessed
country of intended learner technology of assessors
study audience assessed
Lee et al. Quasi-experimental Clinical Two medical studies The medical students evaluated 80 patients using the Time of utilisation of application
(2024)% study (Conference decision were asked to evaluate machine learning clinical decision support application

Abstract) support the decision support in a dermatology clinic without an attending, with the Perception of utilisation of system in
us system system utilisation time of the application to generate a list of medical education

Medical students differential diagnoses being assessed. Patients were

also surveyed regarding their perceptions of technology
during this visit.

Ayub et al. Content validation LLM The questions were CME articles from the Journal of the American Accuracy
(2023)% study independently assessed Academy of Dermatology (JAAD) were uploaded

with qualitative by two board-certified into Open Al GPT 3.5, and the LLM was instructed Complexity of questions
us elements dermatologists to generate multiple choice questions.

Clarity of wording and structure
Residents
(preparation for
board examinations)
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Payne et al. Quasi-experimental Intelligent 44 pathology residents Pathology residents used Slide Tutor—a Medical Intelligent Frequency of errors
(2009)% study tutoring were involved in the Tutoring System in dermatopathology using commonly

intelligent tutoring system  used diagnostic algorithms. This prototype provided Analysis of goals differences and solution
us Residents feedback including error analysis and confirmation of path

correct actions, providing students with context-specific
hints based on the current problem state.

CME: continuing medical education; LLM: large language model
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Table 2. Results of included studies.

Content validation studies

Reference

Descriptive statistics

Conclusions

Naldi et al. (2024)%

The 23 answers were evaluated on:
e Quality (101/115 or 87.8%)
Readability (109/115 or 94.8%)
Accuracy (87/115 or 75.7%)
Thoroughness (98/115 or 85.2%)
Consistency (73/952 or 76.8%)

The 69 references provided were evaluated on:
e Pertinence (246/260 or 94.6%)

e Relevance (237/260 or 91.2%)

e Updatedness (162/260 or 62.3%)

ChatGPT demonstrated potential as a resource

for dermatology continued medical education,
producing appropriate responses in terms of quality
and thoroughness, and high readability. However,
responses were sometimes inaccurate or inconsistent
with guidelines, indicating areas for improvement.

The references provided by Al were positively evaluated
in pertinence and relevance, but issues in currency
suggest gaps in the availability of papers ChatGPT

had been trained.

Rao et al. (2025)*

The questions reflected high levels of:

e Alignment with scientific consensus (4.45, 95% Cl 4.28-4.62)
e Comprehensiveness (4.3, 95% Cl: 4.11-4.89°)

e Overall quality (4.28, 95% ClI: 4.10-4.47)

The questions reflected low levels of:
e Clinical harm (1.6, 95% Cl: 1.38-1.81)
e Demographic bias (1.52, 95% CI: 1.31-1.72)

Mean ratings of assessors reflected high alignment
with scientific consensus, comprehensiveness and
overall quality, with low suspicion of clinical harm and
demographic bias.

Errors relating to factual accuracy, including potential
Al hallucinations, were indirectly captured in ratings for
scientific alignment and clinical harm.

Cevik et al. (2025)%

Initial ratings for DALL-E had the authors rate on the following:
e Resemblance to real world pathology (3/5)

Adequate representation (4/5)

Easily visible and discernible details (4/5)

Quality (4/5)

Beneficial for educational purposes (4/5)

Only DALL-E had the ability to generate distinctive
features associated with skin cancer, while images
created by Midjourney and BlueWillow had
exaggerated fictionalised features.

Ayub et al. (20232

Out of the questions:

e 10/40 (25%) were low complexity

e 9/40 (22.5%) were vague or unclear

e 5/40 (12.5%) were inaccurate

e 16/40 (40%) were accurate and at an appropriate level
of complexity

The model was assessed to have a limited
domain-specific knowledge, with a

limited ability to understand context and generate
high-quality distractor options

Quasi-experimental studies

Reference

Descriptive statistics

Conclusions

Pielage et al.
(2025)%

e Skin lesions were assessed as mostly realistic
(average of 6.17/10)

e Subjective competence of the students increased
(from 2.28 to 3.12/5)

e Out of the 20 images assessed, the 4 students in the
learning group (exposed to Al generated images)
achieved a mean accuracy of 0.64, as compared to
0.56 for the 3 students in the control group.

The skin lesions were assessed as mostly realistic and
the subjective competence of the students increased
after completing the dermatology scenario in VR in the
study. In the small group, a small increase in learning
accuracy was observed after learning from Al-generated
images, suggesting potential for medical education

Lee et al. (2024)%

e 89% of patients supported the use of such technology in
medical student education
® Average utilisation time of the application was 67.0 seconds

Such machine learning clinical decision support
technology has the potential to actively engage
students during their clinical rotations without being
disruptive to clinic flow. Overall, patients supported the
use of the technology.

Payne et al. (2009)%

e A decrease in errors over time was noted from
approximately 50% to 20%

e Anincrease in Correct-BNS (optimal solution path)
actions over time was
noted from approximately 20% to 50%

During the tutoring, the frequency of errors gradually
declined. While student performance frequently
differed from the tutor-defined optimal path, students
approached the optimal solution path as they continued
to be tutored.

Al artificial intelligence; BNS: best-next-step; VR: virtual reality
2 Only 95 out of the 115 items were deemed eligible for assessment of consistency by the authors.
® This confidence is not symmetric about the point estimate with a much higher upper bound (4.89), which may be a possible error in the original

manuscript.
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Table 3. Cochrane risk-of-bias assessment tool for non-randomised studies.
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Bias domains

Pielage et al. (2025)%

Lee et al.? (2024)%

Payne et al. (2009)*

Pre-intervention

1.1 Bias due to confounding PY PY PY
1.2 Bias in selection of participants into the study PY PY PY
Risk-of-bias judgment Serious Critical Serious
At intervention
2.1 Bias in classification of interventions PY PY PY
Risk-of-bias judgment Serious Serious Serious
Post-intervention

3.1 Bias due to deviations from intended interventions PN NI PN
3.2 Bias due to missing data NI NI NI
3.3 Bias in measurement of outcomes PY PY PY
3.4 Bias in selection of the reported result PY PY PN
Risk-of-bias judgment Serious Serious Moderate
Overall bias Serious Serious Serious

NI: no information; PN: probably no; PY: probably yes
2 Assessment for this study was limited as a conference abstract

Table 4. COSMIN-inspired assessment for content validation studies.

COSMIN-inspired
concept

Criterion

Cevik et al. (2025)%°

Naldi et al. (2024)%

Rao et al. (2025)*

Ayub et al. (2023)%

Relevance/ construct Clear description Met Met Met Met
definition of construct being
measured
Item relevance Relevance of Met Met Met Met
generated items to
construct
Content coverage Comprehensiveness Unmet—only a Unmet—only used Partially met— Partially met—
of construct few images of skin for acne vulgaris randomly selected utilised CME articles
cancers vignettes under from JAAD
USMLE
Comprehensibility Comprehensibility of Met Met Met Met
rating scale
Expert review Involvement Met Met Met Met
of experts in
development
Reliability evidence Inter-rater agreement Met Met Met Met

reported

Methodological quality

Number of experts

Not met—only 3

Met—S5 individuals

Not met—only 3

Not met—only 2

of expert evaluation appropriate individuals, with with 4 residents, 1 individuals individuals
poor rigor specialist
Qualitative Quialitative insights Not reported Reported Not reported Reported

validation evidence

reported

CME: continuing medical education; JAAD: Journal of the American Academy of Dermatology; USMLE: United States Medical Licensing

Examination
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Table 5. Assessment of studies using the CUC-FATE framework.

Study Cost Usability Credibility Fairness Accountability Transparency Explainability
Cevik et al. (2025)? NR R R NR NR NR NR
Naldi et al. (2024)% NR R R NR R NR R
Pielage et al. (2025)% NR R R NR NR R R

Rao et al. (2025% NR R R R NR NR NR

Lee et al.? (2024)% NR R NR NR NR NR NR
Ayub et al. (2023)* NR R R NR NR NR NR
Payne et al. (2009)% NR R R NR NR R R

No. of studies examining 0 7 6 1 1 2 3

NR: not reported; R: reported
2 Assessment for this study was limited as a conference abstract.

Two of the studies??’ reported Al interventions
created by the authors, allowing assessment of their
transparency, but studies that utilised proprietary
LLMs, such as the content validation studies, lacked
the ability to do so. Author-created Al interventions
in these studies also allowed assessment of explaina-
bility. Including a study? which asked the LLM to
generate reference literature for provided information,
a total of 3 studies specifically assessed explainability.

This same study also highlighted the presence
of inaccuracies and errors in the LLM’s responses,
urging the necessity of expert review to prevent
misinformation, thus being the only study assessing
accountability.?® Only 1 study that looked at Al-
generated questions considered fairness, specifically
assessing the risk of demographic bias in Al-generated
questions and concluding that the risk of this is low.?

DISCUSSION

This scoping review has identified a small but
emerging body of literature examining the application
of Al in dermatological education. Though the included
studies examined a range of Al-based interventions,
such as Al-generated images of dermatological
conditions and LLM-generated educational content,
the overall evidence base remains limited. Most studies
were preliminary, small-scale and heterogeneous in
design, and current evidence is insufficientin supporting
conclusions regarding its effect on improving learner
performance and clinical competence.

The review also highlights several questions that
are still unanswered. It remains unclear which Al-
based interventions are the most effective for different
groups, such as medical students, residents, and
general practitioners, and whether these interventions
necessarily provide meaningful added value over

Ann Acad Med Singap Vol 55 No 7 July 2026 | annals.edu.sg

existing traditional educational methods. Important
concerns on implementation, such as transparency
and explainability, are also inconsistently addressed in
studies, and represent critical concerns for educators.

Since completion of the search by this review, a
broader scoping review of Al and dermatological
education has been published by Lau et al.,* also
highlighting educational applications, including the
use of LLMs as well as generative and adaptive
imaging tools. In contrast, this present review focused
on studies examining direct educational applications,
deliberately excluding the substantial number of
studies solely assessing Al performance in answering
dermatology examination questions. By adopting this
narrower educational focus, this review provides a
more targeted appraisal of the current evidence for the
use of Al in dermatological education, concluding that
despite growing interest in the field, current evidence
is sparse and limits strong conclusions.

Nevertheless, this field continues to evolve rapidly.
For example, a study published after the search period
examining the usage of LLMs as a dermatology case
narrator for medical students®* would have been eligible
for this review. As this study was published after the
prespecified search period, it was not included in the
formal synthesis, but its relevance suggests that future
updated reviews may identify a larger body of eligible
evidence.

The findings of this review are also consistent
with emerging evidence from the broader medical
education literature, with a rapidly increasing number
of Al-related publications over the past few years.® A
scoping review of Al medical image generation across
health professions education (including dermatology)
by Gupta et al.* also concluded that generative Al
should be treated as an experimental adjunct requiring
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rigorous human review. Similarly, in radiology education
(a similarly visually intensive specialty), a scoping review
of Al-based educational approaches by Hui et al.*®
identified a range of possible applications, from
personalised curriculum generation and diagnostic
support tools to automated evaluation systems.

While similar themes were observed in the present
review, the evidence base identified for dermatology
was considerably smaller, with fewer studies evaluating
educational outcomes and learner performance.
Together, these reviews suggest that while derma-
tology shares characteristics with more visual
specialties—making it potentially well-suited for Al-
enhanced learning, robust evidence demonstrating
educational effectiveness is lacking, making further
research with rigorous validation necessary to identify
the most effective Al tools in education.** Other
potential interventions not included in this review,
such as personalised learning platforms,® integrating
Al with virtual-reality based training for skin cancer
screening® as well as Al-assisted learning for know-
ledge and milestone assessment,*” have been proposed
by other authors, and would benefit from implemen-
tation studies to assess educational outcomes.

Key limitations

There was considerable heterogeneity noted in study
design and evaluation metrics for educational efficacy
in quasi-experimental studies, with a diversity of
intervention types explored. These studies were also
small-scale with low sample sizes (ranging from 2 to
44), with few participants and inadequate control for
confounding variables causing serious risk of bias.
None of the studies employed validated instruments
to assess learning outcomes, often relying on self-
developed Likert scales or informal expert ratings.
Similarly, none of the content validation studies used
standardised measures to assess content validity of
Al-generated information. This lack of standardisation
prevents meaningful synthesis.

None of the studies examined compared Al-based
interventions with traditional teaching methods. This
absence of a control group limited conclusions about
added educational value and generalisability, and
such comparative analysis is essential in evaluating
Al-based interventions’ educational effectiveness.’

All studies were conducted in pilot or isolated
research settings, outside the realm of formal medical
school or residency training curricula, suggesting
institutional adoption of Al in dermatology education
is currently limited. This is consistent with existing
research, which suggests thatadoption of Al into medical
education is still in its early developmental stages.*® A
key challenge is the alignment of existing educational
frameworks and curricula with rapidly evolving Al

Ann Acad Med Singap Vol 55 No 7 July 2026 | annals.edu.sg

capacities,*’ with educational centres often struggling

with infrastructure and policy support required.*

A further limitation relates to the review process
itself, where study screening was conducted
through consensus between 2 reviewers rather than
independent duplicate reviews. While this collaborative
approach allowed for discussion and agreement at
each stage, it may have increased susceptibility to
shared reviewer bias.

CUC-FATE framework

This scoping review utilised the CUC-FATE framework
to examine crucial enablers for Al in medical
education, demonstrating that most dimensions were
unassessed by included studies. Credibility and utility
were frequently assessed, and while an earlier content
validation study® using an older LLM noted high
levels of inaccuracy, this was not noted in newer LLM
based content validation studies®?* utilising newer
models of the same LLM. This underscores how LLMs
are rapidly evolving and improving, and older studies
with less positive results may be less relevant with
newer generative Al models.

Most studies lacked reporting of assessments of
transparency and explainability. Content validity is
limited by the inability to trace presented evidence
to its origins, which is especially pertinent when
proprietary technologies, such as the LLMs ChatGPT
or Gemini, are used.®* These deficiencies may
undermine clinicians’ trust in Al-assisted dermatolo-
gical education, particularly when verification of
accuracy in clinical contexts is essential.*

Encouragingly, an included image-generation study?
described the creation of a custom diffusion model,
providing detailed methodological transparency.
While other studies focusing on deep learning
algorithms and clinical decision support systems for
diagnosis of melanoma** and other skin diseases*®
were excluded from review because of the absence
of educational focus, their transparent designs would
allow effective adaptation for educational purposes.

Ethical concepts of accountability and fairness were
rarely assessed in included studies. With the use of Al
in dermatological education rapidly expanding, these
omissions are concerning, given that the identification
of ethical challenges is paramount for responsible
development and implementation.*” The issue of
accountability, establishing liability for harmful results
sustained from incorrect educational content,®® was
assessed in only 1 study®® which emphasised the need
for human oversight to ensure clinical accuracy.
For fairness, Al algorithmic bias can lead to error in
diagnosis of under-represented populations such as
individuals of colour,®" causing erroneous education of
medical professionals. This was briefly assessed in 1
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study on Al-generated dermatological examination
questions,?* but should be more widely evaluated.

Implications for practice and future research

Despite promising innovation in the application of Al
in dermatological education, this review has demon-
strated that significant gaps remain, highlighting
key areas for future development. Current quasi-
experimental studies had a high rate of bias, empha-
sising the need for larger, robust, multicentre studies
involving diverse participant cohorts in institutional
contexts for both medical student and healthcare
professional training in dermatology.

Significant methodological heterogeneity across
studies severely limited comparison, highlighting
the need for standardised reporting frameworks and
verified evaluation tools to ensure replicability. This
review has demonstrated a framework for content
validation studies devised by the authors and
informed by the COSMIN approach, and the CUC-
FATE framework, which incorporates not just practical
but important ethical considerations. Adopting such
standardised frameworks would improve the quality
and transparency of Al-related educational research
in dermatology, allowing appropriate and effective
implementation. There is a need for studies to
explicitly incorporate ethical principles in their design,
ensuring Al-based educational tools are equitably and
responsibly implemented.

Singapore has emerged as an early regional adopter
of Al in healthcare training, resulting in an increased
impetus to equip faculty and students with the
necessary foundational knowledge in Al in a forward-
looking medical education landscape.*? In this aspect,
efforts have been made to design curricula locally
to integrate Al into medical education,® with local
medical educators highlighting the benefits in equipping
medical learners with skills in digital technology.**
By using dermatology as a targeted case study, this
review provides timely evidence that can inform
curriculum design for Al-enhanced medical education
in Singapore and similar healthcare systems.

Given the diversity of Al interventions, we recommend
that further research involve learners in their design,
which can improve engagement and reduce barriers
to adoption. Multiple studies have consistently
demonstrated that dermatology specialists,> trainees,*
and students,*>*” while agreeing that Al will play a
key role in dermatological education, expressed that
they lacked training to utilise it effectively. A mixed-
methods approach, combining quantitative outcomes
of efficacy with qualitative data of learner experience,
would be useful in examining these perceptions to
enhance usage of Al in dermatological education.
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Beyond the design of learner-facing interventions,
successful implementation of Al in dermatological
education will also need investment in faculty
development. Recent medical education literature has
emphasised the importance of equipping educators
with Al literacy through structured faculty development
models, which can include competency-based
certification and interdisciplinary training.®®*? As Al
becomes increasingly integrated into educational
practice, frameworks for faculty development have
been devised in broader medical education contexts,®
although these have not been explored specifically in
dermatology. Future work should therefore examine
not only the effectiveness of Al interventions for
learners, but also the competencies and support
required for educators to implement these tools safely
and effectively.

CONCLUSIONS

This review suggests that Al is an evolving tool for
dermatology education, with potential benefits
for learners. Existing literature is characterised by
methodological heterogeneity and limited validation,
and there is insufficient evidence to determine
whether Al-based educational tools improve learning
outcomes compared with standard educational
approaches. Establishing standardised frameworks
for the development, validation, and evaluation of Al-
based educational technologies is crucial to generate
higher-quality evidence, allowing for effective and
ethical implementation in dermatology training.
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