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Dermatology is a visually driven specialty and is
therefore particularly suited to artificial intelligence
(AI)-based image analysis, with high diagnostic
accuracy reported in selected settings (1). However,
concerns remain regarding the real-world applicability,
data quality, algorithmic bias, generalizability and
clinical integration of AI systems (2–5). Multimodal
large language models (MLLMs), which integrate
visual and contextual information, are increasingly
used for diagnostic queries, yet their reliability in
real-world dermatologic settings remains uncertain. We
therefore evaluated the diagnostic accuracy of ChatGPT
and Gemini using histopathologically confirmed
dermatologic lesions and assessed whether providing
clinician-generated differential diagnoses improves their
performance.

MATERIALS AND METHODS

This retrospective image-based diagnostic accuracy
study included 329 anonymized clinical photographs
representing 138 diagnoses from the investigator’s
clinical archive. Only histopathologically confirmed
lesions were included, with histopathology serving
as the reference standard. Images were reviewed for
adequate quality and absence of identifiable patient
information. Diagnoses and case-level data are provided
in Table SI.

Lesions were categorized into 6 predefined groups:
(1) tumoral/tumour-like lesions (2), inflammatory
dermatoses (3), infectious dermatoses (4), urticarial/
reactive dermatoses (5), vesiculobullous and pustular
dermatoses and (6) systemic/immune-related derma-
toses.

ChatGPT and Gemini were evaluated under 2
conditions. In the image-only condition, each model
received a clinical image and provided the 3 most
likely diagnoses and the single most likely diagnosis.
In the clinical-context condition, the same image
was accompanied by 3 clinician-generated differential
diagnoses, from which the model selected the most
likely diagnosis.

All cases were entered into the models between 20
March and 15 April 2026. Evaluations were performed
using paid subscription versions of ChatGPT (OpenAI;
GPT-5.3 Instant) and Gemini (Google; Gemini 3 Flash)

through their respective consumer web interfaces.
Standard inference modes were used, without manually
selecting Thinking, Deep Think or other extended-
reasoning modes. A new chat session was initiated
for each case to prevent carryover effects and ensure
independent model responses. No dedicated anonymity
mode was used during the evaluation process. All
submitted images were anonymized and contained no
identifiable patient information.

Standardized English-language prompts were used
consistently for both models according to the 2
evaluation conditions described above.

Performance was assessed using top-1 accuracy
(primary diagnosis matching the reference diagnosis)
and top-3 accuracy (reference diagnosis included among
the 3 suggested diagnoses). For the clinical-context
condition, only top-1 accuracy was calculated.

Statistical analysis

All statistical analyses were performed using IBM
SPSS Statistics version 26 (IBM Corp., Armonk,
NY, USA). Descriptive data were expressed as
frequencies and percentages. Comparisons between
diagnostic accuracies were performed using McNemar
and chi-square tests, as appropriate. A p-value <0.05
was considered statistically significant.

RESULTS

A total of 329 dermatologic lesions were included. Their
distribution across diagnostic groups is presented in
Table I (see complete list of diagnoses in Table SI).

Overall diagnostic performance is summarized in
Table II. For both models, top-3 accuracy was higher
than top-1 accuracy. Providing clinician-generated
differential diagnoses significantly improved diagnostic
accuracy for both models (p<0.001), with a greater
improvement observed for Gemini.

Table I. Distribution of dermatologic lesions

Diagnostic category n (%)

Tumoral / Tumour-like lesions 78 (23.7)
Inflammatory dermatoses 93 (28.3)
Infectious dermatoses 24 (7.3)
Urticarial / Reactive dermatoses 33 (10.0)
Vesiculobullous and pustular dermatoses 34 (10.3)
Other systemic / immune-related dermatoses 67 (20.4)
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In image-only evaluation, no significant difference
was observed between ChatGPT and Gemini in either
top-1 or top-3 accuracy. When clinician-generated
differential diagnoses were provided, Gemini achieved
significantly higher accuracy than ChatGPT (p<0.001).

In image-only evaluation, both models performed
better in infectious and tumoral/tumour-like lesions,
whereas vesiculobullous and pustular dermatoses
were the most challenging (Table III). Clinician-
generated differential diagnoses improved accuracy
across categories, particularly in urticarial/reactive
and systemic/immune-related dermatoses. With clinical
context, Gemini achieved significantly higher accuracy
in systemic/immune-related dermatoses (p=0.002).

In malignant lesions, image-only performance was
comparable between the models. Providing clinician-
generated differential diagnoses significantly improved
diagnostic accuracy, particularly for Gemini (p<0.001).

DISCUSSION

Previous studies have demonstrated dermatologist-level
AI performance in selected image-classification tasks
(6, 7), although reliance on curated datasets has raised
concerns regarding real-world generalizability (8).

Both ChatGPT and Gemini demonstrated moderate
diagnostic accuracy, which improved significantly with
clinician-generated differential diagnoses, supporting
MLLMs as adjunctive rather than standalone diagnostic
tools. This is consistent with evidence that clinical
context can improve AI performance (9).

The models performed similarly in image-
only evaluation, whereas Gemini achieved higher
accuracy with clinician-generated differential diagnoses,
suggesting greater benefit from contextual information.
The mechanism underlying this difference cannot be
determined from the present study.

The increasing use of MLLMs by patients and
clinicians raises important safety concerns. In our
study, top-1 accuracy in image-only evaluation was
approximately 20% for both models. Although accuracy
increased to 48% for ChatGPT and 61% for Gemini

when clinician-generated differential diagnoses were
provided, these levels remain insufficient to support
independent diagnostic use.

Malignant lesions represent a particular safety
concern because diagnostic delay may adversely affect
clinical outcomes. In this subgroup, image-only top-1
accuracy was only 25% for ChatGPT and 35% for
Gemini, highlighting the limitations of independent
MLLM-based assessment of potentially malignant
lesions.

Previous studies reported improved diagnostic
performance with combined visual and clinical
information and variable accuracy across LLMs (10,
11). Real-world dermatology applications have also
shown moderate accuracy and skin tone-related bias
(12), further highlighting the importance of diverse and
well-annotated datasets (13).

Several  limitations should be considered.  First,  no
additional  clinical  information beyond images was
provided during image-only evaluation.  Although this
was a deliberate design choice to isolate visual
diagnostic  performance,  it  may have limited overall
accuracy.  Second,  the retrospective design may
introduce selection bias.  Third,  model  outputs  may
be influenced by prompt structure and interaction
variability,  which could affect  reproducibility.  As the
study was conducted in Türkiye,  the geographic and
demographic characteristics of  the study population
may limit  generalizability to populations from
other regions.  Fitzpatrick skin phototype was not
systematically recorded;  therefore,  the distribution of
skin phototypes within the dataset  could not  be
reliably determined.

Despite these limitations, the use of histo-
pathologically confirmed diagnoses as the reference
standard and the inclusion of a broad range of
dermatologic conditions strengthen the validity of the
diagnostic comparisons.

From a clinical perspective, these findings suggest
that MLLMs may be most effectively used as
adjunctive tools within structured diagnostic workflows,

Table II. Overall diagnostic performance of AI mode

Model Top-3 accuracy (%) Top-1 accuracy (%) With clinical differential diagnosis (%)

ChatGPT 45.3 27.7 48.0
Gemini 48.0 28.3 61.7

Table III. Diagnostic performance across categories

Diagnostic category ChatGPT
Top-3 (%)

ChatGPT
Top-1 (%)

ChatGPT+Clinical
differential (%)

Gemini
Top-3 (%)

Gemini
Top-1 (%)

Gemini+Clinical
differential (%)

Tumoral / Tumour-like 52.6 32.1 51.3 62.8 37.2 64.1
Inflammatory 48.4 30.1 50.5 47.3 26.9 60.2
Infectious 66.7 45.8 45.8 54.2 25.0 54.2
Urticarial / Reactive 36.4 21.2 63.6 45.5 30.3 60.6
Vesiculobullous / Pustular 32.4 17.6 38.2 17.6 11.8 55.9
Other systemic / immune-related dermatoses 35.8 20.9 43.3 46.3 28.4 67.2
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particularly when guided by clinician-generated
differentials.

In conclusion, MLLMs demonstrated limited
diagnostic accuracy when used independently but
performed substantially better when guided by clinician-
generated differential diagnoses. Their low accuracy
for malignant lesions remains an important clinical
limitation. These systems should therefore be regarded
as adjuncts to, rather than substitutes for, dermatologist
assessment.
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