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Dermatologists’ overall
diagnostic concordance

83.3%
across 3 dermatologists,

95% CI 78.4–87.3%

AI models overall
diagnostic concordance

89.3%
across 3 AI models,
95% CI 85.0–92.4%

of synthetic images
classified as real by AI

91.9%
mean across 3 AI models,

± 6.5%

Objective

• The scarcity of clinical images for rare skin diseases may limit the development of AI for
these specific conditions [1].

• While generative AI for creating synthetic images offers a potential solution [2–3], prior
tools achieved a diagnostic concordance of only up to 40% [4].

• To evaluate the diagnostic viability of NANO BANANA 2 synthetic images using board-
certified dermatologists and AI models, helping to identify whether diagnostic failures
stem from image-quality limitations, rare disease complexity, or nonspecific visual
features.

Methods

Dataset: We used the NANO BANANA 2 model to generate 90 synthetic clinical images
representing various dermatologic conditions. The generation prompt served as the
ground-truth diagnosis.

Evaluators: Images were independently reviewed by 3 board-certified dermatologists and
3 multimodal AI models (Claude, ChatGPT, Gemini), yielding 540 total evaluations.

Diagnostic concordance: Raters provided a differential diagnosis of three conditions,
ranked by probability. Diagnoses were classified as concordant if they fell into one of three
categories: Top 1 (primary diagnosis matched the ground-truth), Top 3 (ground-truth
included within the three-disease differential), or Top 3-similar (a morphologically related
diagnosis appeared in the differential). Otherwise, the diagnosis was classified as
Discordant.

Recovery step: To distinguish synthetic image-quality failures from inherent disease
difficulty, discordant cases underwent a retrospective review. Both dermatologists and AI
models were shown a real clinical photograph corresponding to the same ground-truth
prompt and asked for a revised diagnosis, scored using the same concordance scheme.

Quality ratings: Dermatologists rated image realism on a 1–5 scale (1 = obvious artifact, 5 =
highly realistic), while AI models classified each image binary as real or synthetic.

Results

• Diagnostic concordance for both groups is presented in Figure 1, with no significant difference
found between them (p = 0.061).

• Figure 2 details per-diagnosis concordance; notably, three conditions were discordant across both
groups (giant cell arteritis, lupus vulgaris, and mycosis fungoides).

• Figure 3 presents recovery rates on real images, which were significantly higher for dermatologists
than for AI models (84.4% vs. 41.4%).

• The evaluation of image realism by AI models and dermatologists is presented in Figures 4 and 5,
respectively: AI classified 91.9% of the synthetic images as real, while dermatologists rated 55.5%
as ‘Realistic’ or ‘Highly Realistic’.

• The analysis of inter-rater agreement is presented in Table 1, demonstrating that AI models
achieved higher agreement than the board-certified dermatologists.

Table 1. Performance comparison: dermatologists vs. AI models.

Metric Dermatologists AI Models
Top 1 (mean ± SD) 63.0% ± 7.6% 74.1% ± 8.2%
Overall Concordance 83.3% 89.3%
Majority Concordance (image) 85.6% 88.9%
Recovery on real image 84.4% 41.4%
Fleiss’ κ (binary) 0.52 0.73

Fig 1. Diagnostic concordance distribution: dermatologists vs. AI models.

Fig 2. Per-diagnosis concordance: AI vs. dermatologists. Each dot is one disease (n = 80).

Fig 3. Recovery on real image 
(derm n = 45, AI n = 29).

Fig 4. Synthetic images classified as real by 
AI (per model).

Fig 5. Dermatologist image-realism ratings. 55.6% rated Realistic or Highly realistic.

Discussion and Conclusions

Improved Baseline Concordance. Overall diagnostic concordance exceeded rates reported
in prior studies utilizing alternative generative AI tools, with no significant difference
observed between AI and dermatologist performance.

Shared Diagnostic Vulnerabilities. Dermatologists and AI models failed on a highly
correlated subset of conditions, indicating shared clinical blind spots (ρ = 0.44, p < 0.001).

Mechanisms of Diagnostic Failure. The significant discrepancy in recovery rates (84.4% for 
dermatologists vs. 41.4% for AI) may point toward different underlying causes for the 
discordant diagnoses. For dermatologists, the ability to easily establish a concordant 
diagnosis upon seeing the real photo suggests the initial error stemmed from the synthetic

image quality. However, because the real photo did not improve the AI’s results, it implies 
that disease rarity may have had a larger influence on the AI’s performance compared to a 
human clinician. 

Realism and Security Implications. The synthetic images demonstrated strong
morphological realism across both evaluator groups. These results suggest that NANO
BANANA 2 has the potential to produce images of high visual quality that are convincing to
both automated systems and expert human raters. However, the significant discrepancy in
classification rates between the AI models and the dermatologists supports the hypothesis
that AI cannot yet serve as a reliable tool for distinguishing real from AI-generated clinical
images, raising concerns about the potential for misuse of synthetic clinical photographs.
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