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The advent of large language models (LLMs) represents an enormous opportunity to revolutionize
medical education. Via “synthetic education,” LLMs can be harnessed to generate novel content for
medical education purposes, offering potentially unlimited resources for physicians in training.
Utilizing OpenAI’s GPT-4, we generated clinical vignettes and accompanying explanations for 20 skin
and soft tissue diseases tested on the United States Medical Licensing Examination. Physician
experts gave the vignettes high average scores on a Likert scale in scientific accuracy (4.45/5),
comprehensiveness (4.3/5), and overall quality (4.28/5) and low scores for potential clinical harm (1.6/
5) and demographic bias (1.52/5). A strong correlation (r = 0.83) was observed between
comprehensiveness and overall quality. Vignettes did not incorporate significant demographic
diversity. This study underscores the potential of LLMs in enhancing the scalability, accessibility, and
customizability of dermatology education materials. Efforts to increase vignettes’ demographic
diversity should be incorporated to increase applicability to diverse populations.

In a rapidly evolving technological landscape, medical education stands to
reap significant benefits. As new generations of medical students and resi-
dents enter training, they are faced with a wealth of technologies that can
serve as adjuncts to their learning, and the medical system is adapting. In
particular, large languagemodels (LLMs), a typeofmachine learningmodel,
have gained notoriety for their vast computational power in recent months.
These models, trained on vast amounts of textual data from a variety of
sources, are able to harness these collective insights to perform highly
specialized tasks. Generalist models like the generative pre-transformer
(GPT) model from OpenAI have shown impressive performance in the
clinical realm evenwithout explicit training, indicating that the use of LLMs
in medicine is only just beginning1–14.

LLMs offer unprecedented utility in medical education given their
ability to synthesize novel output rapidly and efficiently.Despitewidespread
interest in applying LLMs toward medical education tasks1, there is little
research on how LLM-guided education initiatives may actually perform in
practice. The generation of novel clinical vignettes is one transformative yet
unstudied application of LLMs in this sector.

Clinical vignettes are an important cornerstone of modern medical
education, contributing both to the bulk of United States Medical

Licensing Examination (USMLE) questions and preclinical case-based
teaching15. Vignettes contextualize medical knowledge into practical
scenarios that assess diagnostic reasoning, management prioritization,
and understanding of psychosocial contexts, emulating themulti-layered
and nuanced practice of medicine for the learner16. Traditionally, these
resources have been accessible through professional societies (e.g.,
Undergraduate Web-Based Interactive Self-Evaluation (uWISE, https://
apgo.org/page/uwisev3-2), Standardized Tool for the Assessment of
Radiology Students (STARS, https://www.acr.org/Lifelong-Learning-
and-CME/Learning-Activities/Medical-Student-Activities/Radiology-
Student-Assessment-Tool)), in-house materials written by faculty, or
commercially available question banks like UWorld and AMBOSS. The
generation of these vignettes is a labor-intensive task, requiring the
extensive input of experienced physicians. Therefore, while these sources
promise a degree of quality control, the accessibility and quantity of these
materials are unequally distributed tomedical students across the nation,
depending on factors like institutional access and student socioeconomic
status. In addition, there is increasing concern over repeated test ques-
tions on USMLE administrations, caused in part by the scarcity of
vignettes.
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While inherently driven by visual evaluation, medical instruction on
many skin and soft tissue pathologies is inseparable from the holistic clinical
presentation contextualizing the disease process, and standardized exams
like theUSMLE rely heavily upon text-based vignettes for these pathologies.
Furthermore, the vernacular surrounding the description of skin lesions is
key to the diagnosis and treatment of cutaneous disease17,18. LLMs offer a
distinct capability to expand the availability of text-based vignettes for
common dermatologic conditions in medical education. Furthermore,
current off-the-shelf LLMs like GPT offer flexibility in expanding on the
clinical vignette beyond the initial output, evolving to meet the needs of the
individual student as subsequent questions arise. In this study, we evaluate
the feasibility of utilizingGPT 4.0, OpenAI’s latest public-facing foundation
model, to generate high-quality clinical vignettes for the purpose of medical
education.

Results
Vignette details
In the 20 clinical vignettes generated, 15 patients were male and 5 were
female. Themedian patient agewas 25.0 years; ages were always provided in
multiples of 5 or 2. Racewas provided for 4 patients; 3 wereCaucasian and 1
was African American [Table 1]. Generic names (Mr. Johnson, Mr. Smith)
were provided for 3 patients; all other vignettes did not include names.

The average word count for model output was 332.68, with a standard
deviation of 42.75 words. The clinical vignette portion of the responses had
145.79 words on average, with a standard deviation of 26.97. The average
length of explanations was 184.89, with a standard deviation of 49.70.
Explanations were generally longer than their corresponding vignettes; the
average ratio between the length of the vignette and the length of the
explanation was 0.85, with a standard deviation of 0.30.

Physician scoring
Mean ratings reflect high levels of alignment with scientific consensus (4.45,
95% CI: 4.28–4.62), comprehensiveness (4.3, 95% CI: 4.11–4.89), and
overall quality (4.28, 95% CI: 4.10–4.47) [Fig. 1]. Ratings also show low
suspicion of clinical harm (1.6, 95% CI: 1.38–1.81) and demographic bias
(1.52, 95% CI: 1.31–1.72). Assessment of demographic bias included eval-
uating whether vignettes contained stereotypical or disproportionately
skewed representations of patient populations. The consistently low ratings
suggest that no strong patterns of bias were detected by physician raters.
Additionally, errors related to factual inaccuracy, including potential AI
hallucinations, were indirectly captured in ratings for scientific alignment
and clinical harm.

The criteria were also evaluated for internal correlations via the cal-
culation of Pearson correlation coefficients. Alignment with scientific
consensus was moderately correlated with comprehensiveness and overall
quality, with correlation coefficients r = 0.67 and r = 0.68, respectively [Fig.
2]. Comprehensiveness and overall quality were strongly correlated with a
correlation coefficient of r = 0.83. The possibility of clinical harm and the
possibility of demographic bias were weakly correlated, with a correlation
coefficient of r = 0.22.

Discussion
Considering recent scrutiny of standardized medical examinations, it is
more important than ever that there is an abundance of high-quality edu-
cational materials to be used for standardized assessments like the USMLE.
However, creating new questions is resource-intensive, requiring experi-
enced physicians towrite clinical vignettes andmultiple test administrations
to evaluate the generalizability of question performance. Novel methods for
developing numerous, unique clinical vignettes are necessary and
sought after.

In this study,wepresent promising evidence towards the feasibility and
effectiveness of using a large languagemodel,GPT-4, as a sourceof synthetic
medical education, offering the potential for accessible, customizable, and
scalable educational resources. We provide the first analysis of GPT-4’s
utility for clinical vignette generation, demonstrating that GPT-4’s inherent

clinical knowledge extends to the creation of representative and accurate
patient descriptions. We find that for diseases tested in the Skin & Soft
Tissue section of the USMLE Step 2 CK exam, GPT-4 generated vignettes
that were highly accurate, highlighting the potential of LLMs to design
vignetteswhich could eventually be incorporated into standardizedmedical
examinations.

Analysis of the generated vignettes revealed high ratings in alignment
with scientific consensus, comprehensiveness, and overall quality, coupled
with low ratings in potential for clinical harm and demographic bias. There
was a high statistical correlation between vignette comprehensiveness and
overall quality (r = 0.83), indicating the importance of thorough and detailed
case presentations inmedical education and highlighting the ability of LLMs
toprovide contextually relevant andcomplete scenarios for clinical reasoning.

The average length of vignettes was 145.79 ± 26.97 words. This is well
within the scope of USMLE vignette length; examinees have on average 90 s
to answer each question on theUSMLE Step 1, Step 2CK, and Step 3 exams.
Vignettes were accompanied by longer explanations, showcasing the ability
of LLMs to generate not just patient descriptions, but also useful didactic
material.

While vignettes received overall low ratings from evaluators for the
possibilityof demographicbias (1.52, 95%CI: 1.31–1.72), the limitedvariety
in patient demographics, highlighted by predominantly male patients and
limited racial diversity, suggests a need formore conscious efforts to include
diverse patient representations. Specific inclusion of such efforts in prompt
engineering and model training datasets is crucial in preparing students to
serve as physicians in an inclusive healthcare environment. Our study did
not account for patient diversity in LLM prompts; further, since a new chat
session was started for each prompt, overall balance could not be controlled
by the LLM. In addition, future iterations of this work should further
investigate sources and manifestations of systemic bias in model output.

While our initial pilot shows that GPT-4–generated vignettes display
high clinical accuracy as evaluated by expert raters, it is important to note
that LLM hallucinations may produce inconsistencies when deployed at
scale. Additionally, LLMs are trained on the entire breadth of content
available on the internet, whichmaynot represent the standard of care. This
could result in inaccurate responses. Deployment and widespread adoption
of these models necessitates careful screening; clinical experts may be
employed, as in this study, as evaluators of vignettes prior to usage. Specific
training data for diagnoses of interest based on expert-recommended
content may also help to refine model output and could facilitate the
development of custom models.

A key limitation of this study is the composition of our expert rater
panel, which included only one dermatologist alongside two attending
physicians from internal medicine and emergency medicine. While these
non-dermatologist raters frequently diagnose and manage common skin
conditions in their respective specialties, and necessarily are familiar with
the standard presentations of those evaluated in this study via their presence
on national board examinations, their expertisemay not encompass the full
spectrum of dermatologic disease. As a result, their assessments were likely
most reliable for clear-cut, board-style presentations butmay have been less
sensitive to subtle diagnostic nuances. Future studies would benefit from a
larger proportion of dermatologists to ensure a more specialized evaluation
of AI-generated cases.

Overall, this work demonstrates that off-the-shelf LLMs like GPT-4
hold great potential to be used for clinical vignette generation for standar-
dized examination and teaching purposes. Fit-for-purpose LLMs trainedon
more specific datasets may further enhance these capabilities. The high
accuracy and efficiency of “synthetic education” are a promising solution to
current limitations in traditional means for generating medical educational
materials.

Methods
Vignette generation
Of the 89 conditions tested under the USMLE Content Outline’s Skin &
Subcutaneous Tissue subheading (https://www.usmle.org/sites/default/
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files/2022-01/USMLE_Content_Outline_0.pdf), the following 20 were
randomly selected for inclusion in this study: Scarlet Fever, Local Sub-
cutaneous Reaction, Hyperhidrosis, Stomatitis, Acne Vulgaris, Staphylo-
coccal Scalded Skin Syndrome, Ichthyosis, Impetigo, Stevens-Johnson
Syndrome, Tinea Corporis, Cauliflower Ear, Dermatoses Caused by Plants,

Lentigo, Frostbite, Melanoma, Herpes Zoster, Cellulitis, Folliculitis, Pig-
mented Nevi, and Keloids. GPT-4 (OpenAI) was used to generate a clinical
vignette on each topic using the following prompt: “Generate a detailed
clinical vignette for the purpose of medical education on the topic of
[condition] at the level of a preclinical student. In addition, include a sen-
tence at the end about why [condition] is the most likely diagnosis and the
components of the vignette that support it. Also provide an explanation of
why the others on the differential are less likely based on the vignette.”
Responses were generated on November 14, 2023. A new chat session was
used to generate each vignette. All vignettes are available in the Supple-
mentary Materials.

Evaluation criteria
Vignettes were assessed for alignment with scientific consensus, possibility
of clinical harm, comprehensiveness, possibility of demographic bias, and
overall quality, based on previous criteria used to assess LLMs19. Three
practicing attending physicians commonly encountering the topics at hand
at our institution (emergency medicine, dermatology, and internal medi-
cine) rated the answers based on howwell they fit the criteria using a Likert
scale (coded 1–5 respectively: from very opposed to very aligned with sci-
entific consensus, very low possibility of harm to very high possibility of
harm, very non-comprehensive to very comprehensive, very low possibility
of demographic bias to very high possibility of demographic bias, and very
poor quality to very high quality). Given the subjective nature of the Likert
scale, we utilized an ensemble scoring strategy (https://www.aconf.org/
conf_160152.htm), averaging scores across the three evaluators; 95% con-
fidence intervals represent the inherent uncertainty in this metric.

Statistical methods
Statistical analyses were conducted using Python (3.12.1, Python Software
Foundation, Wilmington, DE) packages pandas and numpy. Visualization
was completed using the matplotlib package. The Pearson correlation
coefficient was computed to assess the degree of correlation between eva-
luation criteria. A p-value of less than 0.05 was considered statistically

Table 1 | Demographic details from generated clinical
vignettes

Condition Age Gender Race

Scarlet Fever 6 Male Not provided

Local Subcutaneous Reaction 25 Female Not provided

Hyperhidrosis 25 Male Not provided

Stomatitis 45 Female Not provided

Acne Vulgaris 16 Male Not provided

Staphylococcal Scalded Skin Syndrome 2 Male Not provided

Ichthyosis 6 Male Not provided

Impetigo 6 Male Not provided

Stevens-Johnson Syndrome 16 Male Not provided

Tinea Corporis 10 Male Not provided

Cauliflower Ear 25 Male Not provided

Dermatoses Caused by Plants 35 Female Not provided

Lentigo 45 Female Caucasian

Frostbite 45 Male Not provided

Melanoma 65 Male Caucasian

Herpes Zoster 65 Male Not provided

Cellulitis 65 Male Not provided

Folliculitis 25 Male Not provided

Pigmented nevi 25 Male Caucasian

Keloids 25 Female African American

Fig. 1 | Clinical vignette ratings by three attending physicians. Average ratings by three attending physicians of the twenty clinical vignettes based on alignment with
scientific consensus, possibility of clinical harm, comprehensiveness, possibility of demographic bias, and overall quality. 95% confidence intervals are included.
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significant. This study received an IRB exemption as it did not involve
patient data or human subjects.

Data availability
All data generated or analyzed during this study are included in this pub-
lished article (and its Supplementary Materials). Additional details are
available from the corresponding author upon reasonable request.
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