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Abstract

Background: Melanoma is among the most lethal skin cancers, with survival heavily dependent on
early detection, yet diagnosis remains challenging due to its resemblance to benign nevi. Despite
their success in automated dermoscopy, convolutional neural networks remain limited by their focus
on local features and their dependence on fixed input sizes, which can constrain generalization.
Vision Transformers, which model global image context through self-attention, offer a promising
alternative. Methods: A ViT-L/16 model was fine-tuned using the ISIC 2019 dataset of over 25,000
dermoscopic images. To expand the dataset and balance class representation, synthetic nevus and
melanoma images were generated with StyleGAN2-ADA, with only high-confidence outputs retained.
Performance was assessed on an external biopsy-confirmed dataset (MIN187) and compared with CNN
baselines (ResNet-152, DenseNet-201, EfficientNet-B7, ConvNeXt-XL, ViT-B/16) and the commercial
MoleAnalyzer Pro system using ROC-AUC and DeLong’s test. Results: The ViT-L/16 model achieved
the highest baseline ROC-AUC of 0.902 on MN187, exceeding the performance of CNN models and
MoleAnalyzer Pro, though this difference was not statistically significant (p = 0.07). The incorporation
of 46,000 confidence-filtered GAN-generated images increased the ROC-AUC to 0.915, producing
a statistically significant improvement (p = 0.032). Conclusions: Vision Transformers show strong
potential for melanoma classification, especially when combined with GAN-based augmentation,
offering advantages in global feature representation and data expansion that support the development
of reliable Al-driven clinical decision-support systems.

Keywords: melanoma; skin cancer; Vision Transformer; dermoscopy; deep learning; medical imaging

1. Introduction

Melanoma is a malignant tumor originating from melanocytes, the neural crest derived cells
responsible for melanin production in the epidermis. Unlike non-melanoma skin cancers, melanoma
exhibits a high propensity for early invasion and metastasis, making it one of the most lethal forms of
skin cancer despite its relatively low incidence rate [1].

The pathogenesis of melanoma is driven by a combination of environmental exposures and
genetic alterations. Among the most prominent driver mutations are activating alterations in the BRAF
gene, particularly the V600OE mutation, present in approximately 40-60% of cutaneous melanomas, as
well as NRAS (15-20%) and NF1 mutations (10-15%) [1-3]. These mutations activate the MAPK and
PI3K/AKT pathways, promoting uncontrolled cell proliferation, survival, and migration. In addition,
inactivating mutations in tumor suppressor genes like CDKN2A contribute to melanoma progression
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[4,5]. Intermittent intense sun exposure and other ultraviolet radiation sources induce DNA damage
and mutagenesis, acting as a primary environmental initiator in susceptible individuals [6].

Globally, the incidence of melanoma has been rising, especially in fair-skinned populations.
According to international epidemiological data, melanoma accounts for approximately 1-2% of all
cancer diagnoses worldwide, with over 325,000 new cases and 57,000 deaths annually [7]. It ranks as
one of the top five cancers in countries with high UV exposure, such as Australia, New Zealand, and
parts of North America and Europe. The increased incidence among younger individuals, together
with the increased cost of advanced immunotherapies and targeted treatments, further amplifies the
global challenge of melanoma [8,9].

Clinically, melanoma often resembles benign melanocytic lesions such as nevi, which complicates
early detection. Variants like dysplastic, Spitz, or deep penetrating nevi share dermoscopic and
histopathologic features with early melanomas, contributing to diagnostic ambiguity [10,11]. This
overlap frequently results in delayed or missed diagnoses, especially in early-stage tumors lacking
overt asymmetry or pigment irregularity.

Early-stage detection improves prognosis. Localized melanomas have a 5-year survival rate
exceeding 98%, whereas metastatic melanoma carries a survival rate below 30% despite modern
therapies [1]. Thus, enhancing early diagnostic accuracy remains a priority for reducing melanoma-
related mortality. Advances in digital pathology, molecular biomarkers, and Al-assisted dermoscopy
are being investigated to improve differentiation between benign and malignant lesions [4,12].

Among Al-assisted tools, convolutional neural networks (CNN) have been reported to have good
performance in classifying skin lesions with accuracy comparable to or exceeding that of dermatol-
ogists [13—-18]. CNNs process dermoscopic images to identify subtle malignancy indicators such as
asymmetry, border irregularity, color variation, and diameter [19-22]. Transfer learning is frequently
utilized in this domain, where models pre-trained on large datasets like ImageNet are fine-tuned
on smaller, domain-specific datasets such as skin lesion images [23-26]. However, CNNs encounter
challenges in ensuring generalizability across diverse populations and imaging conditions. Besides,
their reliance on fixed-size square images (e.g., 224x224, 299x299, 331x331 pixels) can lead to the loss
of relevant details in high-resolution dermoscopic images.

To overcome these limitations, Vision Transformers (ViT) have emerged as a viable alternative
for image classification tasks [27]. They implement self-attention mechanisms to capture long-range
dependencies and contextual information, thereby improving performance on complex visual tasks
such as melanoma detection [28-31]. Unlike CNNs, which rely on local receptive fields, ViTs model
global relationships between image patches, making them effective for analyzing the heterogeneous
features of skin lesions. Recent studies indicate that ViTs surpass CNNs on various medical imaging
benchmarks, including dermatology datasets [28,31,32].

However, ViTs typically require large amounts of training data due to their high parameter count
and the absence of inductive biases found in CNNs. This demand creates challenges in medical
domains where annotated datasets are often limited. Although large datasets for skin lesions are
publicly available, such as the ISIC archive [33], the number of images, which is on the order of tens of
thousands, remains small compared with datasets like ImageNet that contain millions of instances. To
address this limitation, data augmentation techniques can be applied, for example by using Generative
Adversarial Networks (GANSs) to generate synthetic images or by applying self-supervised learning
to make use of unlabeled data [34-36]. In addition, transfer learning from large-scale pre-trained ViT
models offers a practical strategy to reduce the impact of data scarcity.

A pretrained ViT model is evaluated in this study to classify dermoscopic images into benign and
malignant categories. The model is trained and fine-tuned on the ISIC 2019 dataset, which offers a
large collection of high-quality dermoscopic images with expert-provided annotations. To improve the
training process, a GAN-based data augmentation pipeline is introduced, generating synthetic images
that strengthen the model’s generalization capabilities.
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The performance of the resulting model was assessed on a new dataset with data from hospitals
in the United States. The images in this dataset received initial classifications from the FotoFinder Al
MoleAnalyzer Pro, a commercial diagnostic tool, and were later confirmed by biopsy. The FotoFinder
system is a well-established instrument in the domain of skin lesion image classification, as documented
in several studies [37-44]. The proposed method, based on a Vision Transformer architecture, achieved
a statistically significant increase in classification accuracy compared to the commercial tool and
convolutional neural network baselines. This outcome demonstrates the utility of transformer-based
models for improving melanoma detection.

This article is structured as follows. Section 2 details the experimental setup, including datasets,
model architectures, training, augmentation, and evaluation. Section 3 presents the performance
results, statistical tests, and the effect of synthetic data on the performance of the evaluated models.
Section 4 provides a discussion of these findings, their architectural and clinical implications. Finally,
Section 5 summarizes the work, acknowledges its limitations, and suggests future research directions.

2. Materials and Methods
2.1. Dataset Preparation

To train and evaluate the Vision Transformer model for melanoma classification, the ISIC 2019
Challenge dataset was used, an extensive repository of dermoscopic images compiled by the Interna-
tional Skin Imaging Collaboration [45]. The dataset includes over 25,000 high-resolution images of
skin lesions annotated by expert dermatologists. These images encompass a variety of skin conditions,
such as benign nevi, dysplastic nevi, and malignant melanomas, representing a spectrum of clinical
presentations.

The dataset was divided into training, validation, and test sets. ISIC provides a train/validation
split, and the initial test set from ISIC-2019 was repurposed as the validation set. The training set
included 12,875 nevus images and 4,522 melanoma images. The validation set included 2,495 nevus
images and 1,327 melanoma images. Finally, the test set was constructed as a new subset consisting of
96 nevus images and 91 melanoma images.

The MN187 dataset consisted of 187 de-identified dermoscopic images obtained through a col-
laboration with the James A. Haley Veterans’ Hospital Dermatology Clinic. It included 96 benign
nevi and 91 malignant melanomas, all biopsy confirmed. Each image was initially analyzed by the
FotoFinder Al MoleAnalyzer Pro, which produced preliminary malignancy probability scores used for
comparative evaluation.

The FotoFinder MoleAnalyzer Pro is a market-approved convolutional neural network. It was
the first Al application for dermatology to receive approval in the European market [43]. This deep
learning system uses complex machine learning algorithms to analyze dermoscopic images and
provide malignancy risk assessments with probability scores of 0.0 to 1.0, where higher scores indicate
a higher risk of malignancy [38]. The system can identify melanoma, basal cell carcinoma, and most
squamous cell carcinomas, including actinic keratoses [39].

Evaluations of the MoleAnalyzer Pro in multiple clinical studies have produced variable outcomes,
influenced by the study setting and population. In controlled clinical environments, the system has
been reported to have high diagnostic accuracy, with sensitivities from 81.6% to 97.1% and specificities
from 78.8% to 94.0% [42]. One prospective diagnostic accuracy study found a sensitivity of 88.1% and
specificity of 78.8%, with performance similar to that of expert dermatologists [41]. Another study
found the Al's diagnostic accuracy was similar to experienced dermatologists, achieving an area under
the ROC curve of 0.702 [39].

In contrast, real-world clinical studies have reported more modest results. One study of a high-
risk melanoma population found lower metrics, with a sensitivity of 70% and specificity of 40%
compared to histopathology as ground truth (ROC-AUC of 0.68) [38]. Other research found even
lower performance, with a sensitivity of 36.4% and specificity of 42.1%, and concluded that the system
cannot take the place of dermatologist decision-making [37].
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For evaluating CNN models tried in this study, the images were resized and padded to a con-
sistent size of 224x224 pixels, which is the input size required by most pre-trained CNN backbone
architectures. Padding with black pixels was applied to make images square, which allows us to keep
the original proportions of images within the padding and to eliminate distortions that could affect
model performance. Scaling was performed to preserve significant features of the images. Although
ViT models can handle variable input sizes, input dimensions were standardized across all models to
enable fair comparisons.

2.2. Model Architecture

Modern deep learning classification models typically consist of a pretrained feature extraction
backbone paired with a classification head composed of fully connected layers. The backbone, often a
convolutional neural network or a transformer-based model, is trained on large datasets like ImageNet,
while the classification head is fine-tuned for the specific task.

In this study, the Vision Transformer was chosen as the backbone architecture. ViTs represent
a significant advancement in image classification by utilizing self-attention mechanisms to capture
global context. Introduced by Vaswani et al. (2017), attention mechanisms have revolutionized natural
language processing and generative Al [46]. Although initially developed for text data, this architecture
has been successfully adapted for image analysis [27].

Unlike traditional CNNs that rely on local receptive fields, ViTs divide images into fixed-size
patches, embed them linearly, and process them through transformer encoders. This enables ViTs
to model long-range dependencies and complex relationships between image regions, making them
effective for tasks requiring a holistic understanding. For this study, the ViT-L/16 model, pretrained on
the ImageNet-1k dataset, was selected. This model, part of the PyTorch library, contains 24 transformer
layers, each with 16 attention heads and a hidden size of 1024. Input images are divided into 16x16 pixel
patches, resulting in a sequence of 196 patches for a standard 224x224 image. Each patch is embedded
into a 1024-dimensional vector, with positional embeddings added to retain spatial information. The
transformer layers include multi-head self-attention mechanisms, feed-forward neural networks, layer
normalization, and residual connections. With approximately 307 million parameters, the detailed
architecture of the ViT model is illustrated in Figure 1.
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Figure 1. Overview of the Vision Transformer architecture. The input image is divided into patches, which are
linearly embedded and passed through transformer layers. The output is a classification token used for final
predictions.

The classification head consists of four fully connected layers with ReLU activations: 256, 128, 64,
and 1 neurons, respectively. The final layer uses a sigmoid activation function to generate a probability
score between 0 and 1, indicating the probability of malignancy. Dropout layers with a 0.5 dropout
rate were added after each fully connected layer to prevent overfitting. While the classification head
was trained from scratch, the ViT backbone was fine-tuned on the skin lesion dataset.

For comparison, several CNN backbones were evaluated, including ResNet-152, DenseNet-201,
EfficientNet-B7, and InceptionV4. These models, recognized as top performers in their respective
families, have achieved good results in image classification tasks, including skin lesion analysis [16,47-
49]. Additionally, the ViT-B/16 model, a smaller variant of the ViT-L/16, was included. This model
features 12 transformer layers, 12 attention heads, and a hidden size of 768, while maintaining a similar
architecture to that shown in Figure 1. The classification head architecture was standardized across all
models to ensure a fair comparison.

2.3. Training Configuration and Optimization

All experiments were implemented in PyTorch (version 2.8.0) and executed on a pair of NVIDIA
RTX A5000 GPUs with 48 GB memory. For consistency among models, a unified training configuration
was adopted. Images were normalized using the ImageNet mean and standard deviation ([0.485,
0.456, 0.406], [0.229, 0.224, 0.225]), in line with the pretrained weights. The training pipeline included
random resized cropping to 224 pixels with a scale range of 0.7 to 1.0, random horizontal flipping, and
RandAugment with two operations of magnitude 9. The training set was loaded with a batch size of
128 and shuffled at each epoch, while the validation and test sets were processed with batch sizes of 64
images.

The Vision Transformer backbone was initialized with ImageNet-1k pretrained weights. For
stable training and reduced overfitting, the transformer backbone parameters were frozen, and only
the classification head was trained. The classification head consisted of four fully connected layers with
sizes 256, 128, 64, and 1 neuron. Each hidden layer included batch normalization, ReLU activations,
and dropout with a rate of 0.5. The final output layer produced a raw logit for binary classification.
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Training optimization used binary cross-entropy with logits (BCEWithLogitsLoss) as the loss
function. Parameters were updated with the AdamW optimizer configured with a learning rate of
2 x 10~* and a weight decay of 0.05. A cosine annealing learning rate scheduler with Tax = 30
progressively reduced the learning rate across epochs.

2.4. Data Augmentation

To address class imbalance and broaden the training distribution, generative models were applied
to the ISIC 2019 challenge dataset, which contains 12,875 nevus and 4,522 melanoma images. Separate
generative adversarial networks were trained for each class on images resized to 256 x 256 pixels,
allowing the networks to capture class-specific distributions.

The GAN models followed the StyleGAN2-ADA architecture described in [50] and used the
official NVIDIA implementation [51], with modifications introduced for compatibility with newer
PyTorch and CUDA versions. The StyleGAN2-ADA training procedure is based on ficks, where each
tick processes a fixed number of images. Training was conducted for 1000 ticks, with regular snapshots
saved to monitor progress.

The FID50k_full metric, which calculates the Fréchet Inception Distance (FID) over 50,000
generated images, served to monitor training progress. To manage computational expenses, training
concluded manually once the FID score dropped below 50. Each GAN required several days to train.

After training, each GAN produced 25,000 images for its class, creating a total of 50,000 synthetic
samples. These generated images maintained visual consistency with real dermoscopic data and
contained variations within their class.

All synthetic images were resized and normalized to match the preprocessing of the real data
(224 x 224 pixels, normalized with ImageNet statistics). The combined set of real and generated
images formed a larger and more balanced training dataset, which supported the classification model’s
performance.

2.5. Model Performance Monitoring and Evaluation

The Receiver Operating Characteristic Area Under the Curve (ROC-AUC) serves as the primary
evaluation metric in this study. This threshold-independent metric measures binary classification
performance by quantifying the model’s capacity to separate positive and negative classes across all
classification thresholds [52-54]. ROC-AUC is appropriate for imbalanced datasets and finds common
application in medical imaging tasks such as skin lesion classification.

A high ROC-AUC score alone does not fully characterize model performance. For instance, a
model might obtain a high score by correctly ranking a small number of straightforward cases, which
could overstate its general discriminative capability [55].

To evaluate the statistical significance of performance differences, the ROC-AUC of each model
is compared with a baseline model using DeLong’s test [56]. This non-parametric test assesses the
difference between two correlated ROC curves while considering the paired nature of predictions on
the same dataset.

The statistical hypotheses are defined as follows: the null hypothesis (Hp) states no difference in
ROC-AUC exists between the baseline model and the evaluated model (AUCpaseline = AU Cevaluated);
the alternative hypothesis (H7) states a difference exists (AUCpaseline 7 AUCevaluated)- A significance
level of &« = 0.05 is used. A p-value from DeLong’s test less than « (p < 0.05) leads to rejection of the
null hypothesis, supporting a statistically significant performance difference. If the null hypothesis
is not rejected (p > 0.05), the observed AUC difference is considered likely due to chance and not a
significant improvement over the baseline model.
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3. Results
3.1. Model Performance

The proposed models were evaluated using the ROC-AUC metric. Table 1 summarizes the results
for five deep learning classification models, each employing distinct backbones for feature extraction
while sharing the same classification head, as depicted in Figure 1. These models were trained on
the ISIC-19 dataset, using standard image transformations (Resize, CenterCrop, and Normalization)
integrated into the training pipeline. Validation was performed on the ISIC-19 dataset, and testing was
carried out on the MN187 dataset.

The outcomes of five runs for each model are detailed in Table 1. The ROC Curves and AUC
scores for the top-performing model, ViT-L/16, on both validation and test datasets are presented in
Figure 2.

Table 1. This table presents the results of running six different deep learning classification models, each using
distinct backbones for feature extraction but the same classification head as illustrated in Figure 1. The validation
results are based on the ISIC-19 dataset, while the testing was conducted using the MN187 dataset.

Model Validation (ISIC-2019) Testing (MN187)
Runl Run2 Run3 Run4 Run5 Runl Run2 Run3 Run4 Runb5
ViT-L/16 0921 0919 0919 0920 0919 0902 0.896 0.896 0.902  0.902
ViT-B/16 0919 0916 0915 0914 0916 0.887 0.889 0.877 0.886  0.882
ResNet-152 0909 0908 0907 0908 0908 0857 0.861 0.869 0.860 0.861
EfficientNet-B7 0.889 0.887 0.887 0.889 0.889 0.847 0835 0.838 0.834 0.839
DenseNet-201 0915 0916 0914 0914 0914 0842 0.858 0.855 0.861 0.845
ConvNeXt-XL 0926 0927 0929 0926 0928 0.881 0.877 0.881 0.884 0.885

ROC Curves for Different Models
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=4
=)
\
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L
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—— ViT-L/16 (AUC = 0.902)

— ViT-B/16 (AUC = 0.889)

—— ConvNeXtXL (AUC = 0.885)
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Figure 2. ROC Curves and AUC Scores for the ViT-L/16 Model on the Validation (ISIC-19) and Test (MN187)
Datasets.

Although the models were trained on the ISIC-19 dataset, they kept strong generalization ca-
pabilities when evaluated on the MN187 dataset, performing at a level similar to or exceeding the
Mole Analyzer Pro. The ViT-L/16 model achieved the highest ROC-AUC score of 0.902 on the MN187
dataset, exceeding all other models. The ConvNeXt-XL, a CNN-based model larger than ViT-L/16
in terms of parameters, achieved the second-highest ROC-AUC score of 0.885, comparable to the
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ViT-B/16 model. The other CNN models had lower performance, aligning more closely with the Mole
Analyzer Pro.

While most models achieved higher ROC-AUC scores than the Mole Analyzer Pro, it is necessary
to assess whether these improvements are statistically significant. Table 2 summarizes the results
of DeLong’s test, which compares the ROC-AUC of each deep learning model to that of the Mole
Analyzer Pro.

Table 2. Summary of DeLong Test Results Comparing Model AUCs to the Mole Analyzer Pro AUC. The p-values
address whether the differences in AUCs are statistically significant.

Model Deep Learning Model AUC Mole Analyzer Pro AUC DeLong Test p-value
ViT-L/16 0.901 0.856 0.070
ConvNeXt-XL 0.884 0.856 0.226
ViT-B/16 0.888 0.856 0.240
ResNet-152 0.868 0.856 0.654
EfficientNet-B7 0.846 0.856 0.709
DenseNet-201 0.859 0.856 0.910

The ViT-L/16 model achieved a ROC-AUC of 0.901, which exceeds the Mole Analyzer Pro ROC-
AUC of 0.856. However, the p-value of 0.070 means this difference is not statistically significant at
the 0.05 significance level. The CNN models (EfficientNet-B7, DenseNet-201, ConvNeXt-XL) and the
ViT-B/16 also had higher ROC-AUC scores than the Mole Analyzer Pro, but their p-values suggest
these differences are not statistically significant. None of the models had a performance improvement
that could be attributed to factors other than chance, so the null hypothesis could not be rejected.

3.2. Results with Data Augmentation

While models like ViT-L/16 and ConvNeXt-XL achieved higher ROC-AUC scores and lower
probabilities of the differences being due to chance, they did not reach a statistically significant
improvement over the Mole Analyzer Pro. Vision Transformers, due to their high parameter count
and lack of inherent CNN inductive biases, often need large volumes of training data for optimal
performance.

To address this, 50,000 synthetic images generated with GANs were added to the training dataset.
As these synthetic images come from a trained GAN model, they might not match the true data
distribution perfectly and could contain artifacts or biases. To manage this, the synthetic images were
classified by the ViT-L/16 model, which had the highest ROC-AUC score. This model generated a
new subset from the 50,000 synthetic images by choosing only those it classified with high confidence
(probability > 0.6 for melanoma and < 0.4 for nevus), as seen in Figure 3. This method added only
high-quality synthetic images that were close to real images to the training set.
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Figure 3. Distribution of predicted probabilities for the synthetic images generated by the GAN models. The
green bars represent synthetic nevus images, while the red bars represent synthetic melanoma images. Gray bars
represent uncertain classifications. The vertical dashed lines mark the thresholds used to select high-confidence
synthetic images for training.

Figure 4 presents a sample of the synthetic images from the GANs. The left column has synthetic
nevus images, and the right column has synthetic melanoma images. These images have a range of
colors, textures, and patterns found in real dermoscopic images. The GANs produced realistic images
that could be useful for training the classification model.

Synthetic Nevus Samples Synthetic Melanoma Samples

Figure 4. Samples of synthetic images generated by the GAN models. The left column shows synthetic nevus
images, while the right column shows synthetic melanoma images.

Before the addition of synthetic images, the ISIC-19 dataset had 12,875 nevus and 4,522 melanoma
images (class proportions of 74.0% nevus and 26.0% melanoma). After filtering with the ViT-L/16
model, 27,793 nevus and 18,438 melanoma synthetic images were chosen. This created a new training
dataset with a total of 40,668 nevus and 22,960 melanoma images (adjusting the class proportions to
63.9% nevus and 36.1% melanoma), which increased the size and diversity of the training data.
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3.3. Model Performance with Data Augmentation

Including high-confidence synthetic images in the training data produced measurable perfor-
mance gains for all model architectures. Table 3 presents results from five independent training runs on
both the validation (ISIC-2019) and external test (MN187) sets. The uniformity of these improvements
across multiple runs supports the conclusion that the data augmentation strategy provided general
benefit.

The ViT-L/16 architecture remained the strongest performer, reaching a top ROC-AUC of 0.915 on
the challenging MN187 test set, as presented in Figure 5. This result exceeds its previous best score of
0.902. Other models also showed substantial improvement; the ConvNeXt-XL model advanced from a
previous score of 0.885 to 0.894. Similar positive trends were observed for the ViT-B/16, ResNet-152,
EfficientNet-B7, and DenseNet-201 models, confirming that the augmented dataset created a more
effective training environment.

Table 3. ROC-AUC results (five runs each) for six models trained with the augmented dataset (real ISIC-2019 +
confidence-filtered GAN synthetic images). Left block: validation (ISIC-2019). Right block: external test (MN187).
Bold values indicate the best test run per model.

Validation (ISIC-2019) Testing (MN187)
Model
Runl Run2 Run3 Run4 Run5 Runl Run2 Run3 Run4 Runb5
ViT-L/16 0938 0936 0936 0937 0935 0914 0909 0.908 0915 0.908
ViT-B/16 0924 0927 0927 0928 0927 0896 0.892 0.891 0.901 0.899

ResNet-152 0911 0909 0912 0912 0911 0875 0.870 0873 0.872 0.872
EfficientNet-B7 0.895 0894 0.893 0.894 0893 0.860 0.866 0.863 0.866 0.869
DenseNet-201 0921 0921 0920 0920 0921 0870 0.868 0.872 0.875 0.861
ConvNeXt-XL 0934 0936 0933 0933 0934 0891 0.894 0.885 0.889 0.894

To evaluate the statistical significance of these improvements, the best run from each model was
compared against the established benchmark, Mole Analyzer Pro, using DeLong’s test. The results of
this analysis are in Table 4. The standard ViT-L/16 model, with an AUC of 0.915, achieved a statistically
significant advantage over the commercial software (p = 0.032).

ROC Curves for Different Models

=

0.8

0.6

True Positive Rate

—— ViT-L/16 (AUC = 0.915)

~—— Fine tuned ViT-Ly16 (AUC = 0.924}

—— EfficientNetB7 (AUC = 0.869)

—— DenseNet201 (AUC = 0.875)

= ConvNeXtXL (AUC = 0.894)

—— ResNetl52 (AUC = 0.875)
ViT-B/16 (AUC = 0.901)

—— Mole Analyzer Pro (AUC = 0.856)

—-- Chance

0.2

0.0+

0.0 02 0.4 0.6 0.8 1.0
False Positive Rate

Figure 5. ROC Curves and AUC Scores for the multiple Deep Learning models trained with confidence-filtered
GAN-augmented data on the Validation (ISIC-2019) and External Test (MN187) datasets.
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Table 4. Summary of DeLong Test Results Comparing Model AUCs to the Mole Analyzer Pro AUC. The p-values
address whether the differences in AUCs are statistically significant.

Model Deep Learning Model AUC Mole Analyzer Pro AUC DeLong Test p-value
ViT-L/16 0.920 0.856 0.032
Fine tuned ViT-L/16 0.926 0.856 0.006
EfficientNet-B7 0.870 0.856 0.645
DenseNet-201 0.880 0.856 0.466
ConvNeXt-XL 0.897 0.856 0.154
ResNet-152 0.877 0.856 0.498
ViT-B/16 0.905 0.856 0.098

A refined version of the ViT-L/16 model was developed for further improvement. This fine-tuned
model, included in Figure 5 and Table 4, was created by initializing with the best ViT-L/16 run, freezing
its classification head, and unfreezing the final six transformer layers. These layers were then trained
for an additional 30 epochs with a reduced learning rate. This process allowed the higher-level feature
representations to adapt more specifically to skin lesion data characteristics. The outcome was a
model that achieved a ROC-AUC of 0.926 on the MN187 test set. The statistical comparison with
Mole Analyzer Pro for this model produced a p-value of 0.006, providing evidence that its improved
performance is statistically significant.

4. Discussion

The results of this study provide evidence for the potential of Vision Transformers in melanoma
classification using dermatoscopic images. The ViT-L/16 model achieved the highest ROC-AUC
score among all evaluated models, reflecting its capacity to capture global contextual information in
dermatoscopic images. This performance supports the advantages of self-attention mechanisms when
analyzing complex visual patterns found in skin lesions.

Despite promising findings, the ROC-AUC improvements compared with Mole Analyzer Pro
were not statistically significant in the initial experiments. This outcome reflects the difficulty of
achieving meaningful performance gains in medical imaging, where high baselines and small datasets
constrain model development. Adding synthetic images produced by a GAN helped address data
scarcity and produced a statistically significant increase in ROC-AUC for the ViT-L/16 model. This
result implies that data augmentation can improve model generalization in domains with limited
annotated data.

Using a GAN to generate synthetic images provided a practical approach to expand the training
dataset. Filtering synthetic images based on model confidence reduced the chance of introducing
artifacts or biases. This selection process limited the set to higher-quality synthetic images, which
likely improved ViT-L/16 performance. However, reliance on synthetic data also raises concerns about
possible limitations, including the risk of overfitting to the synthetic distribution.

When comparing ViT and CNN architectures, ViT generally outperformed the CNN-based models
in this study. Although model size is an important factor, the superior performance of ViT-L/16 cannot
be explained by parameter count alone. For example, the CNN-based ConvNeXt Large model contains
more parameters than ViT-L/16 yet achieved lower performance. The results support the view that the
Transformer architecture itself, with its self-attention mechanism, may be better suited for the task. The
finding is consistent with recent reports showing stronger outcomes from ViT on a range of medical
imaging applications [28,31,32]. However, ViT models require greater computational resources during
both training and inference, which can limit their practicality in resource-constrained settings.

Another important point to consider is the need for statistical validation to evaluate model per-
formance. Although ViT-L/16 produced higher ROC-AUC scores than Mole Analyzer Pro, the initial
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lack of statistical significance points to the need for methods such as the DeLong test to confirm that
observed improvements are unlikely to be due to chance. In a clinical context, reporting performance
metrics without such validation could be misleading, as a seemingly better model might not represent
a true advancement. For medical applications, where decisions impact patient care, establishing
statistical significance is a fundamental step in building trust in a model’s reported capabilities. This
practice helps to ensure that performance claims are reliable and not simply the result of variability in
the test dataset.

The fine-tuned ViT-L/16 variant, obtained by unfreezing only the top six transformer blocks and
training them with a reduced learning rate, delivered an incremental yet meaningful improvement
(ROC-AUC 0.926; p = 0.006 vs. Mole Analyzer Pro) over the frozen-backbone configuration (best
ROC-AUC 0.915). This suggests that limited, targeted adaptation of high-level self-attention layers
helps align global contextual features with dermoscopic lesion morphology without incurring insta-
bility or overfitting. The constrained unfreezing strategy likely preserved generic representations in
earlier layers while refining class-discriminative cues, such as pigment network irregularity, streak
distribution, and peripheral asymmetry. Expanding fine-tuning depth, applying layer-wise learning
rate decay, or integrating lightweight adapters (e.g. LoORA) may further improve performance, but
these strategies also carry an increased risk of overfitting in limited-data and domain-shift settings
[57-59].

Commercial skin analysis platforms such as Mole Analyzer Pro, which currently rely on convolu-
tional neural networks, could benefit substantially from the integration of Vision Transformer models.
These newer models generalize more effectively, providing accurate diagnoses on data not seen during
training. They also adapt more readily to specific tasks and can incorporate filtered synthetic data with
success. An important architectural advantage is their flexibility with input sizes, which removes the
need for preprocessing steps such as padding and resizing. This combination of properties reduces
manual image tuning and leads to more consistent performance in practice.

5. Conclusions

In this study, an evaluation of the clinical potential of Vision Transformers for melanoma classifi-
cation was performed in two datasets. Using a standardized experimental framework, the ViT-L/16
architecture was found to consistently outperform conventional CNN based models and the commer-
cial FotoFinder’s MoleAnalyzer Pro system. A statistically significant increase in diagnostic accuracy
was observed with the incorporation of confidence filtered GAN generated images, supporting the
value of synthetic data in addressing the challenges of class imbalance and limited annotated clinical
datasets.

The findings offer several conclusions. First, ViTs provide clear advantages in modeling the
global contextual features of dermoscopic images, allowing for a more accurate differentiation between
malignant and benign lesions. Second, GAN based augmentation, when carefully filtered, improves
both data diversity and generalization, mitigating the limitations imposed by relatively small medical
imaging datasets. Third, statistical validation, including the use of DeLong’s test, is considered
essential to confirm that observed performance gains are both reproducible and clinically meaningful.

This study establishes that transformer-based architectures, when combined with structured data
augmentation, represent a promising direction for next-generation clinical decision support systems
in dermatology. The methodology presented, which integrates transformer fine-tuning, selective
synthetic data generation, and statistical significance testing, offers a reproducible framework for
future research and clinical application.

Future work should focus on multi-center validation to strengthen generalizability, the integration
of clinical metadata and patient risk factors to provide diagnostic context, and the use of explainable
Al methods to build clinician trust and adoption. Moving in these directions could help transition
Vision Transformers from research into real-world clinical practice, contributing to earlier melanoma
detection and better patient outcomes.
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