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expert-level performance in dermatological diagnosis, they 
risk inheriting the same diagnostic disparities between light 
and dark-skinned populations observed in clinical practice 
(4). Model performance is fundamentally constrained by the 
diversity and representativeness of training data, and existing 
imbalances in dermatological image datasets therefore 
directly translate into biased predictions (5). Notably, fewer 
than 10% of images in commonly used public dermatology 
datasets represent darker skin tones, limiting these models’ 
ability to generalize equitably across skin types (6). 
	 One promising solution to address this data imbalance 
lies in the use of generative models, particularly generative 
adversarial networks (GANs), to synthetically augment 
datasets with dark-skinned images. GANs consist of two 
neural networks trained in opposition, one generating images 
and the other evaluating their realism, allowing the system 
to learn how to produce images that closely resemble real 
clinical data (7). Despite this promise, it remains unclear 
whether synthetic dark-skin images can meaningfully improve 
diagnostic accuracy when incorporated into model training.
	 We hypothesized that augmenting a dermatological 
training dataset with synthetic dark-skinned images, generated 
using a Cycle-consistent generative adversarial network 
(CycleGAN), would improve the accuracy of classifying dark-
skinned images into benign or malignant lesions compared to 
training solely on light-skinned images. Our results supported 
this hypothesis, demonstrating a 6.79% increase in diagnostic 
performance on real dark-skinned images when synthetic 
augmentation was incorporated. These findings indicate 
that augmentation with synthetic dermatological images 
may provide a scalable method for improving fairness in 
dermatological AI, with the potential to contribute to improved 
healthcare outcomes for patients with underrepresented skin 
tones.

RESULTS
	 To evaluate the hypothesis that CycleGAN-generated 
synthetic dark skin images improve diagnostic performance 
on dark skin dermatological images, we conducted a 
controlled comparison between two ResNet50-based 
classifiers, convolutional neural networks built on a 50-layer 
deep residual learning architecture, trained under different 
data conditions. The Stanford Diverse Dermatological 
Images (DDI) and Fitzpatrick17k datasets, publicly available 
collections of dermatological images, were used for all 
training and testing (8, 9). 
	 ResNet A was trained exclusively on light-skinned 
images, while ResNet B was trained on a dataset of equal 
size composed of real light-skinned images and CycleGAN-
generated dark-skinned images (Figure 1). Both models 
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SUMMARY
Dermatological AI systems frequently underperform on 
darker skin tones due to severe data scarcity, with publicly 
available datasets overwhelmingly skewed toward light 
skin. This underrepresentation results in diagnostic 
inaccuracies that contribute to healthcare disparities. 
In this study, we investigated whether augmenting a 
dermatology dataset using a Cycle-consistent generative 
adversarial network (CycleGAN) to generate synthetic 
dark-skinned images from light-skinned counterparts 
could improve classification performance on real dark 
skin lesions. We hypothesized that a model trained 
on both real light skin images and synthetic dark skin 
images would achieve higher diagnostic accuracy on 
dark skin than a model trained solely on light skin data. 
The CycleGAN was trained on images from the Stanford 
Diverse Dermatological Images (DDI) and Fitzpatrick17k 
datasets to generate synthetic dark skin images. To 
evaluate the hypothesis, we compared the performance 
of two ResNet50 classifiers, ResNet A and ResNet B, in 
distinguishing benign and malignant lesions. ResNet A 
was trained on light skin images from the Stanford DDI 
and Fitzpatrick17k datasets, while ResNet B was trained 
on a balanced dataset of real light skin images from these 
datasets and CycleGAN-generated dark skin images. 
When evaluated on real dark skin images, ResNet B 
achieved a higher classification accuracy (71.95%) 
than ResNet A (65.16%), along with higher precision, 
recall, and F1 scores. These results supported our 
hypothesis that training on synthetic dark skin images 
can enhance dermatological classifier performance on 
underrepresented skin tones. This approach offers a 
promising solution for addressing bias in dermatological 
AI systems when real-world datasets lack diversity.

INTRODUCTION
	 Skin tone has long been recognized as a significant 
factor influencing dermatological diagnosis and patient 
outcomes. Individuals with darker skin tones experience 
disproportionately poorer outcomes across multiple skin 
conditions, particularly melanoma, where delayed detection is 
common (1). In fact, the five-year survival rate for melanoma 
is approximately 94% in White individuals but decreases to 
nearly 70% in Black individuals, largely due to delays and 
inaccuracies in early diagnosis (1). These disparities arise 
from a combination of factors, including differences in lesion 
appearance on darker skin, limited representation of dark 
skin in medical education and textbooks, and reduced clinical 
exposure among physicians to melanoma presentations in 
patients with skin of color (2, 3). 
	 As artificial intelligence (AI) systems increasingly achieve 
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were evaluated on the same test set of 221 real dark-skinned 
dermatological images for their ability to classify lesions as 
benign or malignant.
	 ResNet A achieved an accuracy of 65.16%, with a 
precision of 50.54%, sensitivity of 60.26%, specificity of 
67.83%, negative predictive value (NPV) of 75.78%, and F1-
score of 54.97% (Table 1). These results are consistent with 

expectations, as models trained exclusively on light-skinned 
data often generalize poorly to darker skin tones, resulting in 
high false positive rates (reflected in low precision) (6).
	 In contrast, ResNet B, achieved markedly improved 
performance across all metrics: an accuracy of 71.95%, 
precision of 60.00%, sensitivity of 61.54%, specificity of 
77.62%, NPV of 78.72%, and F1-score of 60.76% (Table 1). 
	 A closer inspection of the confusion matrices further 
contextualizes these results (Figure 2). Compared to 
ResNet A, ResNet B demonstrated improved classification 
performance across both lesion classes, with correctly 
classified benign cases increasing from 97 to 111 and 
false positives decreasing from 46 to 32. Malignant lesion 
detection also showed a modest improvement, with false 
negatives reduced from 31 to 30 and true positives increasing 
from 47 to 48. These shifts indicate gains in both specificity 
and sensitivity, contributing to higher overall accuracy 
and precision. The more pronounced reduction in benign 
misclassification suggests that synthetic augmentation 
primarily enhanced detection of benign lesion features on 
darker skin tones, while malignant feature representations 

Figure 1. Paired examples of CycleGAN inputs and outputs. (A) 
Real light-skinned dermatological images from the Stanford Diverse 
Dermatology Images (DDI) and Fitzpatrick17k datasets (8, 9). (B) 
Corresponding synthetic dark-skinned translations generated using 
the trained CycleGAN model. The images illustrate image-to-image 
translation in which skin tone is modified while lesion morphology 
and structural features are preserved. Representative samples 
shown (n=2).

Table 1. Performance on real dark-skinned images. Accuracy, 
precision, sensitivity, specificity, negative predictive value (NPV), 
and F1-score for ResNet A, a ResNet50-based classifier trained 
exclusively on real light-skinned images, and ResNet B, a ResNet50-
based classifier trained on both real light-skinned images and 
CycleGAN-generated synthetic dark-skinned images. Metrics were 
calculated using predictions on test set of 221 real dark-skinned 
images (143 benign, 78 malignant).

Figure 2. Confusion matrices displaying diagnostic performance on real dark-skinned images. (A) Confusion matrix of ResNet A, a 
ResNet50-based classifier trained exclusively on real light-skinned images. (B) Confusion matrix of ResNet B, a ResNet50-based classifier 
trained on both real light-skinned images and CycleGAN-generated synthetic dark-skinned images. Matrix entries represent absolute 
counts of benign and malignant predictions compared to ground truth labels from a test set of 221 real dark-skinned images (143 benign, 78 
malignant). Darker shades of blue indicate higher counts, while lighter shades represent lower counts. True labels are displayed on the y-axis, 
predicted labels on the x-axis.
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were only marginally improved.
	 An examination of the training and validation curves 
indicates mild overfitting in both ResNet A and ResNet B, 
reflected by a consistent gap between training and validation 
accuracy and loss on the light-skinned validation set (Figures 
3 and 4). Importantly, however, the overall learning trajectories 
of the two models were highly similar. This suggests that 
the inclusion of CycleGAN-generated dark-skinned images 
did not degrade generalization to light-skinned data. The 
observed improvements in diagnostic performance on dark-
skinned test images were achieved without compromising 
model behavior on light-skinned validation data.
	 A statistically significant difference between the two 
models’ predictions was observed (McNemar’s test, χ² = 
15.0, p = 0.036), supporting the hypothesis that incorporating 
synthetic dark-skinned images during training improves 
classification performance on real dark-skinned skin lesion 
images. 

DISCUSSION
	 This study set out to evaluate whether augmenting 
dermatological training datasets with synthetic dark skin 
images generated by a CycleGAN could improve classification 
performance on real dark skin lesion images. 
	 The observed improvements in performance metrics 
strongly support the hypothesis. The model trained with both 
light skin and synthetic dark skin images, ResNet B, achieved 
an accuracy of 71.95% on a test set containing real dark-
skinned images, compared to just 65.16% for the baseline 
model, ResNet A, trained only on the light-skinned images. 
This improvement was observed across all evaluated metrics. 
In particular, the increase in F1-score from 54.97% to 60.76% 
indicates that classification performance improved for both 
benign and malignant lesions in a manner consistent with the 
overall gain in accuracy.
	 Despite these gains, several important limitations warrant 

careful consideration. Although GAN-based augmentation 
provides a practical mechanism for increasing skin tone 
diversity, it cannot fully substitute for large-scale, real-world 
clinical data (10). In particular, malignant lesions such as 
melanoma exhibit clinically meaningful differences across skin 
tones that extend beyond pigmentation alone. Melanomas in 
individuals with darker skin are more likely to present in acral 
locations and may display different morphological patterns 
(11). By design, CycleGAN primarily performs a domain-
level appearance transfer, altering global pigmentation while 
preserving underlying lesion geometry and spatial context. 
As a result, synthetic images may fail to capture deeper 
phenotypic differences between light skin and dark skin 
lesions. Without expert dermatological validation, it therefore 
remains uncertain whether generated images fully reflect the 
spectrum of malignant presentations observed clinically.
	 The limited availability of real dark-skinned images 
constrained the statistical power of performance 
comparisons and makes it difficult to fully rule out the 
influence of randomness on the observed improvements in 
model performance. This scarcity also precluded a direct 
comparison between models trained on synthetic versus real 
dark-skinned data, as allocating real dark-skinned images to 
training would have further diminished an already limited test 
set.
	 Additionally, due to dataset size constraints, some degree 
of data reuse was necessary between CycleGAN training and 
ResNet evaluation. Although no identical images appeared 
across ResNet training and testing splits, the possibility of 
indirect information transfer cannot be entirely excluded. 
Larger, independent datasets would mitigate this concern and 
enable more rigorous separation between generative and 
classifier learning stages. These limitations reflect the broader 
and well-documented scarcity of diverse dermatological 
imaging data.
	 Looking ahead, several extensions of this work are possible. 

Figure 3. Training and validation accuracy curves. (A) Accuracy curves for ResNet A, a ResNet50-based convolutional neural network 
trained exclusively on real light-skinned images. (B) Accuracy curves for ResNet B, a ResNet50-based convolutional neural network trained 
on both real light-skinned images and CycleGAN-generated synthetic dark-skinned images. Training and validation accuracy were computed 
at the end of each epoch as the proportion of correctly classified images (benign or malignant) relative to total samples in the dataset. 
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Alternative generative architectures, such as StyleGAN2 
or diffusion-based models, may offer improved synthesis 
quality and reduced visual artifacts, potentially strengthening 
downstream classification performance. Future studies could 
also stratify results by disease category to assess whether 
synthetic augmentation disproportionately benefits certain 
diagnostic classes. Importantly, expert dermatological review 
of generated images would be a critical next step to validate 
clinical fidelity and guide model refinement.
	 Prior studies have explored synthetic image generation as a 
means of increasing diversity in dermatological datasets, with 
evidence that such augmentation can improve classification 
performance. For instance, Rezk et al. used style transfer–
based methods to modify skin tone and demonstrated 
improved accuracy and area under the receiving operating 
characteristics curve (AUC - ROC) when synthetic images 
were incorporated into training, alongside qualitative validation 
of image realism (12). Similarly, Ghorbani et al. introduced 
DermGAN, a GAN-based framework for generating 
dermatological images with controllable pathology and skin 
tone, showing that synthetic images could match real images 
in visual fidelity and support classification performance (13). 
While style transfer methods primarily modify higher-level 
visual attributes such as color and texture without explicitly 
preserving disease presentation, and DermGAN generates 
synthetic images from latent representations without direct 
correspondence to a specific real input image, the CycleGAN 
used in our study performs image-to-image translation with 
cycle-consistency constraints, enabling targeted skin tone 
modification while maintaining accurate and realistic lesion 
morphology derived from real clinical images.
	 Moreover, these prior studies primarily evaluated 
performance on mixed test sets dominated by light-skinned 
images and did not explicitly assess generalization to real 
dark-skinned samples. To our knowledge, no prior study has 

isolated the impact of CycleGAN-based skin tone translation 
on classification performance specifically for real dark-skinned 
test images, nor examined whether performance gains arise 
from improved dark skin representation or increased dataset 
size. 
	 The results of this study addressed this gap and support 
the use of synthetic dark-skinned images as a viable strategy 
for mitigating performance disparities in dermatological 
AI. Training a ResNet model on a balanced combination of 
real light skin images and CycleGAN-generated dark skin 
images resulted in a 6.79% percentage point increase in 
accuracy, accompanied by consistent gains in precision, 
recall, and F1-score. While data limitations necessitate 
cautious interpretation, these findings suggest that generative 
augmentation can serve as a practical and scalable step 
toward more equitable AI systems, particularly in clinical 
domains where access to diverse real-world data remains 
constrained.

MATERIALS AND METHODS
CycleGAN Training and Image Synthesis
	 To generate synthetic dark-skinned dermatological 
images, we trained a Cycle-consistent generative adversarial 
network (CycleGAN) using a curated subset of clinical images 
from the Stanford Diverse Dermatology Images (DDI) and 
Fitzpatrick17k datasets (8, 9). These sources were selected 
for their annotation of images using the Fitzpatrick Skin Type 
Scale, a dermatological classification system that categorizes 
skin into six types (I to VI) based on its response to ultraviolet 
exposure (14). This scale provided a standardized and 
clinically relevant framework for separating training domains 
and evaluating the impact of skin tone on model performance. 
In this study, Types I–IV were grouped as “light-skinned” 
and Types V–VI as “dark-skinned,” reflecting both the 
relative pigmentation differences across the scale and the 

Figure 4. Training and validation loss curves. (A) Loss curves for ResNet A, a ResNet50-based convolutional neural network trained 
exclusively on real light-skinned images. (B) Loss curves for ResNet B, a ResNet50-based convolutional neural network trained on both real 
light-skinned images and CycleGAN-generated synthetic dark-skinned images. Training and validation loss computed at the end of each 
epoch using categorical cross-entropy loss.
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typical overrepresentation of Types I–IV compared to the 
underrepresented darker skin categories in dermatological 
datasets (6).
	 All images used for training and testing were public and 
appropriately licensed. The CycleGAN architecture was 
chosen over other GAN architectures as it is commonly used 
for domain transfer tasks like this study’s (7). The original 
datasets were cleaned by removing samples lacking visible 
lesions or containing obstructive text or markers. All images 
were manually cropped to isolate the pathological area and 
resized to a resolution of 256×256 pixels. The training set was 
curated to increase performance by excluding low-quality 
images with poor lesion visibility. A total of 1625 curated 
images, including 1404 light and 221 dark, were used to train 
the CycleGAN (Table 2).
	 The CycleGAN architecture employed Unet-based 
generators and PatchGAN discriminators. Images were 
normalized to the range [−1, 1] prior to training. Generator G 
learned to map light skin images (Domain X) to the dark skin 
images (Domain Y), while generator F performed the inverse. 
Two discriminators, DX and DY, evaluated the realism of 
generated images in their respective domains. The model 
was optimized using three loss functions. The adversarial 
loss function trained the generators to create images that 
closely resembled actual images from the target domain (7; 
Equation 1). 

..... (Equation 1)

Cycle Consistency Loss ensured that translating an image to 
the target domain and back yielded a reconstruction of the 
original image (7; Equation 2). 

 						      .....(Equation 2) 

Identity Loss prevented unnecessary transformation when 
the input already belonged to the target domain (7; Equation 
3). 

.....(Equation 3) 

The full generator loss was defined as:

.....(Equation 4)

where λ was a weighting coefficient, set at 10 in this study in 
alignment with the original CycleGAN implementation (7). The 
model was trained for 50 epochs using Adam optimizers for 
both generators and discriminators. After training, synthetic 
dark skin images were generated by passing light skin images 
from the Stanford DDI and Fitzpatrick17k datasets through 
the trained generator G and saved for later use in ResNet 
model training (8, 9).
ResNet diagnostic classifier training
	 To evaluate the impact of synthetic data on classification 
performance, two binary skin lesion classifiers were trained 

to distinguish between benign and malignant lesions. 
Both classifiers were based on the ResNet50 architecture, 
pretrained on the ImageNet dataset. This architecture was 
chosen as it has been found to perform well for diagnosis of 
dermatological conditions (15). 
	 ResNet50 is a deep convolutional neural network 
comprising 50 layers with residual connections, which allow 
gradients to flow through shortcut paths during training 
and alleviate vanishing gradient issues (16). The final 
classification head was removed, and a new head composed 
of a dense layer (512 neurons, ReLU activation), a global 
average pooling layer, and a sigmoid output layer were added 
for binary classification. All input images were resized to 
224×224 pixels. 
	 Training data for ResNet A consisted exclusively of 
curated light skin images from the Fitzpatrick17k and Stanford 
DDI datasets (8, 9). A total of 701 benign and 703 malignant 
images were used for training, with an additional 179 benign 
and 175 malignant light skin images used as the validation 
set (Table 3). No dark skin images, real or synthetic, were 
included in the training or validation of ResNet A.
	 ResNet B was trained on a dataset of identical size and 
class composition to ResNet A. Specifically, ~50% of the 
original light-skinned training images from each class were 
retained unchanged, while the remaining ~50% were replaced 
with CycleGAN-generated dark-skinned translations. As 
a result, ResNet B was trained on 701 benign images (350 
real light-skinned and 351 synthetic dark-skinned) and 703 
malignant images (351 real light-skinned and 352 synthetic 

Table 2. Final curated training image counts for CycleGAN. 
Number of light-skinned (Fitzpatrick Types I–IV) and dark-skinned 
(Fitzpatrick Types V–VI) dermatological images used to train the 
CycleGAN model, sourced from the Stanford Diverse Dermatology 
Images (DDI) and Fitzpatrick17k datasets (8, 9).

Table 3. Datasets used for ResNet A and ResNet B. Number of 
benign and malignant images used for training, validating and testing 
ResNet A, a ResNet50-based classifier trained exclusively on real 
light-skinned images, and ResNet B, a ResNet50-based classifier 
trained on both real light-skinned images and CycleGAN-generated 
synthetic dark-skinned images. 
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dark-skinned), resulting in an approximately even split 
between real light-skinned and synthetic dark-skinned 
samples. No real dark-skinned images were included in 
training. This design ensured that any observed performance 
differences arose from the inclusion of synthetic dark skin 
representations rather than increased data volume, while 
preserving baseline performance on light-skinned images.
	 Both models were trained using the Adam optimizer with 
binary cross-entropy loss and a batch size of 16. The validation 
set of real light skin images was used to monitor the training 
progress, with early stopping applied to mitigate overfitting 
and retrieve the best-performing model. The training history 
was saved and visualized to evaluate convergence trends.
	 Performance was measured using accuracy, precision, 
sensitivity, specificity, NPV, and F1-score on a test set 
consisting of 143 benign and 78 malignant real dark-skinned 
images from the Stanford DDI and Fitzpatrick17k datasets 
(8, 9).  To assess whether differences in classification 
performance between ResNet A and ResNet B were 
statistically significant, McNemar’s test was applied to paired 
prediction outcomes on the same test set. We constructed 
a 2×2 contingency table to identify cases misclassified by 
one model but correctly classified by the other (discordant 
pairs) and calculated the chi-squared statistic based on these 
discordant counts. A two-sided significance threshold of p < 
0.05 was used to determine statistical significance.
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