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ABSTRACT

Aim: Although dermoscopy has improved diagnostic accuracy for
melanocytic lesions and melanoma in particular, inter-observer varia-
bility remains a clinical concern. This study evaluates the potential of
an artificial intelligence (Al) ensemble to support dermatologists in a
seven-class skin lesion classification task (including melanoma, basal
cell carcinoma, actinic keratosis/intraepithelial carcinoma (AKIEC) and
several benign lesions), using clinical and dermoscopic images. The
comparison is intentionally restricted to an image-only, standardized
classification setting and is not intended to represent full dermatologic
diagnostic practice.

Material and Methods: A dataset comprising more than 25,000 clin-
ical and dermoscopic images obtained from the ISIC Archive and
HAM10000 databases was used. A four-model ensemble deep learning
architecture (ResNet-50, VGG-16, InceptionV3, and EfficientNet-B4)
was developed using weighted voting aggregation. Dermatologists
evaluated only the images and did not have access to patient age, sex,
Fitzpatrick skin type, lesion site, duration, evolution, symptoms, pri-
or treatments or palpation findings; the reader arm therefore reflects
standardized image classification, not routine clinical practice. Model
performance was compared with the dermatology panel on the same
held-out image set using standard diagnostic metrics (sensitivity, spec-
ificity, F1, AUC-ROC). Grad-CAM was used to visualize model decision
regions.

Results: The Al ensemble achieved an overall seven-class accuracy
of 94.2%, with an overall sensitivity of 93.8% (95% Cl: 91.4-95.7) and
specificity of 94.5% (95% CI: 92.3-96.2). The melanoma-specific sen-
sitivity was 94.1%. On the same image-only test set, twelve board-cer-
tified dermatologists reached a mean accuracy of 88.5% (95% CI:
86.1-90.9). Ensemble modeling outperformed individual networks, and
Grad-CAM outputs consistently mapped onto clinically relevant lesion
regions.
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Amac: Dermoskopi melanositik lezyonlarin ve melanomun tanisinda
tani dogrulugunu artirmis olsa da gézlemciler arasi tutarlilik hala bir so-
run olarak kalmaktadir. Bu calisma, yalnizca goruntii tabanli bir standart
siniflandirma senaryosunda, yapay zeka (YZ) modelinin klinik ve der-
moskopik géruntiler kullanarak yedi sinifli deri lezyonu siniflandirma-
sinda (melanom, bazal hicreli karsinom, aktinik keratoz/intraepitelyal
karsinom (AKIEC) ve cesitli benign lezyonlar) dermatologlari destekle-
me potansiyelini degerlendirmektedir. Amag, yapay zekanin dermato-
loglarin yerini almasi degil, standart gérintl siniflandirma performansi
acisindan karar destek araci olarak katkisinin arastiriimasidir.

Gerec ve Yontemler: Calismada, ISIC Arsivi ve HAM10000 veri setle-
rinden elde edilen 25.000°den fazla klinik ve dermoskopik gorinti kul-
lanilmistir. Dért farkli konvoliisyonel sinir agi mimarisinden (ResNet-50,
VGG-16, InceptionV3 ve EfficientNet-B4) olusan ensemble derin 6g-
renme modeli, agirlikli oylama ydntemi ile entegre edilmistir. Derma-
tologlar yalnizca goériintti Gizerinden degerlendirme yapmis; hasta yasi,
cinsiyeti, Fitzpatrick deri tipi, lezyon lokalizasyonu, slresi, semptomlar
ve palpasyon bulgulari gibi klinik bilgiler kendilerine sunulmamistir. Bu
nedenle karsilastirma, gercek klinik tani stirecini degil, standart goértinti
siniflandirma performansini yansitmaktadir. Model performansi, ayni
gorintu kiimesi tizerinde dermatoloji uzmanlarinin degerlendirmeleri ile
karsilastiriimig; duyarhlik ve 6zglllik basta olmak Uzere temel tanisal
performans 6lcutleri analiz edilmistir.

Bulgular: Yapay zeka ensemble modelinin yedi sinifli genel dogrulugu
%94,2, genel duyarliligi %93,8 (%95 GA: 91,4-95,7) ve genel 6zgulli-
gl %94,5 (%95 GA: 92,3-96,2) olarak bulunmustur. Melanom sinifina
0zgl duyarllik ise %94,1 olarak saptanmistir. Sadece gorinti tabanl
bu degerlendirmede, on iki dermatologun ortalama dogrulugu %88,5
(%95 GA: 86,1-90,9) olarak saptanmistir. Ensemble yaklasiminin, tekil
modellerin performansina kiyasla daha ylksek dogruluk sagladigr go-
rilmustir. Grad-CAM gorsellestirme teknikleri ile modelin karar odakla-
rinin dermatolojik olarak yorumlanabilir oldugu gosterilmistir.
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Conclusion: These findings should not be interpreted as Al being
clinically superior to dermatologists, but as a comparative evaluation
of standardized image-classification performance under an image-on-
ly setting. Al-assisted systems may serve as supportive tools in der-
matology by assisting early detection, optimizing triage in high-volume
settings and aiding teledermatology decision-making, complementing
— not replacing — clinical expertise.

Keywords: Atrtificial intelligence, dermoscopy, skin neoplasms, deep
learning, comparative study, computer-aided diagnosis

Sonu¢: Bu calismanin sonuglari, yapay zekanin dermatologlardan
Ustiin oldugu seklinde degil, klinik bilgi ve fizik muayeneden bagimsiz,
standardize goéruntu siniflandirma senaryosundaki karsilastirmali per-
formansi olarak yorumlanmalidir. Yapay zeka destekli sistemler; erken
taninin desteklenmesi, yliksek hasta yuku bulunan merkezlerde triyajin
optimize edilmesi ve teledermatoloji uygulamalarinda karar destegi sag-
lanmasi acisindan degerli olabilir. Klinik uzmanhgin yerini almak yerine
tamamlayici bir arag olarak konumlandiriimahdir.

Anahtar Kelimeler: Yapay zeka, dermoskopi, deri timorleri, derin 63-
renme, karsilastirmali galisma, bilgisayar destekli tani

Highlights

+ A weighted ensemble model integrating four deep learning architectures (ResNet-50, VGG-16, InceptionV3, and
EfficientNet-B4) achieved 94.2% accuracy in skin lesion classification.

« The Al model demonstrated an overall sensitivity of 93.8% (95% CI: 91.4-95.7) and specificity of 94.5% (95%
Cl: 92.3-96.2), with a melanoma-specific sensitivity of 94.1%, showing strong performance under a standardized

image-only classification setting.

+ Grad-CAM visualization analysis confirmed that model decision regions corresponded to clinically relevant
dermoscopic features such as asymmetry and irregular borders.

+ Al assistance improved diagnostic accuracy particularly in low-confidence cases, supporting its role as a reliable

second-opinion tool for clinicians.

INTRODUCTION

The rising incidence of skin cancer worldwide is a major
concern, as millions of people are diagnosed with this con-
dition each year, and the pattern is growing in demands on
dermatologic services. Although a high percentage of skin
cancer deaths can be attributed to melanoma (MEL), the
main variable that can enhance survival rates is early diag-
nosis, whereby survival rates over the next 5 years are over
95 percent in cancer cases at the initial stages. Non-inva-
sive techniques such as dermoscopy allow visualization of
subsurface skin structures and, for melanocytic lesions and
melanoma specifically, have been shown to increase diag-
nostic sensitivity by approximately 10—27% compared with
naked-eye examination (1, 2). This improvement should not
be generalized to all malignant skin lesions, as the evidence
base is strongest for pigmented / melanocytic disease and
less consistent for keratinocytic malignancies such as basal
cell and squamous cell carcinoma. Nevertheless, dermos-
copy analysis is still a matter of training and experience of
clinicians, and as such, it is possible to have discrepancies
in diagnosing and managing cases in various clinical envi-
ronments (3).

Recent achievements in Artificial Intelligence (Al) and Deep
Learning (DL) have brought a new set of opportunities to
analyzing medical images, and that could help dermatolo-
gists in their workflow of making diagnoses. Convolutional
Neural Networks (CNNs) have also been demonstrated to

be useful at identifying complex patterns in large datasets,
and studies have revealed the performance characteris-
tics of CNNs to be as effective as a human expert when
it comes to particular image-based classification tasks (4).
Different architectures like ResNet, DenseNet, and Effi-
cientNet have achieved high values in the area under the
receiver operating characteristic curve (AUC-ROC) in the
processing of melanoma, indicating that they can be use-
ful in clinical practices. These architectures have also been
modified to work with medical tasks involving transfer learn-
ing techniques that use a pre-trained model and ensemble
techniques that combine multiple models have shown high-
er generalizability and robustness (5, 6).

Although there is technological advancement, Al appli-
cation in clinical practice has to be extensively validated
and evaluated on clinical utility. Moreover, deep learning
models are black box and, therefore, require explainability
mechanisms that guarantee clinical trust and transparen-
cy in decision-making. Besides, it is also difficult to define
ground truth to be used in training and validation, and clin-
ical consensus is frequently used in training data sets and
not histopathological confirmation of all lesions, especially
those that are benign (7).

In a bid to fill these translational gaps, this study will con-
duct a comparative study of a deep learning ensemble and
dermatology experts. Since the accuracy of diagnosis may
differ between specialists and non-specialists (8), Since in-
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ter-specialist agreement is known to vary (8), Almay actas a
standardized decision-support layer, especially in under-re-
sourced settings — not as a substitute for the multi-param-
eter diagnostic process (patient age, sex, Fitzpatrick skin
type, lesion site, duration, evolution, symptoms, previous
treatments, palpation) that a dermatologist normally inte-
grates. They include explainable Al (XAl) techniques that
are used to visualize lesion features that affect the model to
correspond with clinical rationale (9). Standardized dermo-
scopic criteria and simplified diagnostic checklists have also
been developed to improve the systematic evaluation and
interpretation of pigmented skin lesions (10, 11).

This study evaluates a multi-class deep-learning ensemble
for seven-class skin lesion classification (melanoma, basal
cell carcinoma, actinic keratosis/intraepithelial carcinoma
(AKIEC), melanocytic nevi, benign keratoses, dermatofi-
broma and vascular lesions) using clinical and dermoscopic
images. Diagnostic accuracy, sensitivity and specificity are
compared with those of experienced dermatologists in an
image-only setting to explore the model’s role as a deci-
sion-support tool. Because dermatologists in this study did
not have access to clinical history or examination findings,
the comparison is deliberately confined to standardized im-
age classification and should not be read as a test of Al
versus complete clinical dermatologic assessment.

MATERIAL and METHODS

This study adopts a quantitative research design involving
deep learning model evaluation and comparative perfor-
mance analysis. The methodology was designed in such
a way so as to render reproducibility and strength and
followed to the letter the process of computational valida-
tion without engaging direct human or animal subjects in
a clinical trial environment. The fundamental principles of
our solution will include the curation of a massive dataset,
a detailed image preprocessing pipeline, the training of an
ensemble of Convolutional Neural Networks (CNNs), and
the strict statistical analysis with the performance metrics of
the human experts simulated.

Dataset Acquisition and Curation: We combined in-
formation in several open-access repositories to create a
comprehensive dataset of 25,331 skin lesion images. The
first source was the publicly available International Skin
Imaging Collaboration (ISIC) Archive and the HAM10000
dataset (6). This research used publicly availed data sets
previously de-identified and published by them in their re-
spective repositories in accordance with relevant privacy
laws. Direct recruitment of patients or new data collection
was not done. Since this study was a computational study
of already existing de-identified publicly available datasets,
institutional ethics approval was not necessary as per the
accepted research best practice guidelines of secondary

analysis of anonymized data; since no human participants
were involved in the study. All images were de-identified
prior to public release by the original data repositories, in
compliance with privacy regulations. While comprehensive
metadata was not available for all images, the dataset rep-
resents diverse acquisition conditions from multiple clinical
centers worldwide. The images were grouped into seven
diagnostic classes namely Melanoma (MEL), Melanocytic
Nevi (NV), Basal Cell Carcinoma (BCC), Actinic Keratoses
and intraepithelial carcinoma / Bowen'’s disease (AKIEC, as
originally defined in HAM10000) — which represents pre-in-
vasive keratinocytic neoplasia and is therefore not synony-
mous with invasive squamous cell carcinoma (SCC); this
distinction is preserved throughout the study, Benign Kerat-
inocytic Lesions including Seborrheic Keratosis (BKL), Der-
matofibroma (DF), and Vascular Lesions (VASC) including
hemangiomas and angiokeratomas. Malignant cases were
verified using histopathology, whereas benign cases were
labeled based on expert consensus or longitudinal follow-up,
which may introduce a degree of label uncertainty (12).

Limitations in Dataset Documentation: The detailed
specification of the camera/dermoscope models was not
available in all resources, as well as the number of images
per patient and the distribution of the Fitzpatrick categories
was not reported in several resources. The 25,331 imag-
es originate from a smaller (unknown) number of patients,
since HAM10000 explicitly states that multiple images were
captured for each lesion and for some patients, multiple le-
sions were present. To reduce patient-level data leakage,
the splitting was performed at the level of lesion_id (all im-
ages associated with a lesion were assigned to one split). If
patient identifiers were available for lesions, all lesions as-
sociated with one patient were also kept within one split. To
further reduce patient-level data leakage for cases where
patient identifiers were not available for lesions, perceptual
hashing was used to identify and remove near-duplicates
within train/validation/test sets. Since HAM10000 does not
explicitly provide patient identifiers for all lesions, a com-
plete separation at the patient level was not possible and
this constitutes a limitation of our study.

Image Preprocessing and Augmentation: Medical imag-
es are subject to artifacts like hair, gel bubbles and ruler
markers which can confound deep learning models. To
reduce this, we adopted a powerful preprocessing pipeline
with the help of Python and the OpenCV library. Each of
the images was then scaled to a standard image size of
224x224 pixels in order to fit the input specifications of typ-
ical CNN architectures. We used a DullRazor algorithm to
remove artifacts of hair digitally, and then used color nor-
malization using the Reinhard method to normalize the dif-
ferences in lighting and skin tone when using different ac-
quisition devices (13). To overcome the natural imbalance
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of the classes where the benign lesions are vastly more
numerous than the malignant ones, we used exhaustively
large data augmentation tools. These involved random ro-
tation, horizontal and vertical flip, width and height shift, and
zoom, and helped to add the under-representation of class-
es to the model and avoided overfitting (14). The graph in
Figure 1 illustrates the chronological steps of our research
methodology. It emphasizes the two-stream nature of clin-
ical and dermoscopic image processing, augmentation
methods used, and independent assessment of the Al en-
semble and human specialists. The diagram highlights the
stringent process of validation loop in order to optimize the
model parameters before final testing.

Deep Learning Architectures and Transfer Learning: We
chose four widely validated CNN architectures—ResNet-50,
VGG-16, InceptionV3, and EfficientNet-B4—based on their
successful performance in medical image analysis tasks
(15). Although more recent transformer-based backbones
such as Swin Transformer and ConvNeXt have shown
promising results on natural-image benchmarks, we prior-
itized these four CNN architectures because (i) they have
been extensively benchmarked on the HAM10000/ISIC
data and provide directly comparable baselines against pri-
or dermatology Al studies, and (ii) their pre-trained weights
and training stability on datasets of this size are well es-
tablished. Systematic incorporation of Swin Transformer
and ConvNeXt backbones is planned as a follow-up study,
and is discussed as a limitation. We used a fine-tuning ap-
proach, in which the first layers of the networks were frozen,

and the top fully connected layers were firstly trained. We
then unwind the more convoluted blocks to customize the
high-level features representations in skin lesions (16).

Ensemble Model Combination: To achieve improved
predictive accuracy and stability, we created an ensemble
model combining the outputs of the four individual architec-
tures. We used a weighted average voting system whereby
the input of each model to the overall prediction was weight-
ed according to its validation performance. Such a combi-
nation method can be used to balance the bias of single
models; as an example, VGG-16 can be especially useful
at identifying the texture, but InceptionV3 is especially sen-
sitive to multi-scale features (17). Keras framework with a
TensorFlow backend was used to implement the ensemble
model. Validation Strategy and Performance Metrics:
The dataset was stratified (stratified sampling) into training
(70 percent), validation (10 percent), and testing (20 per-
cent) to make sure there was proportional representation
of all classes between splits. In the training stage, we used
5-fold cross-validation, which strictly determined the sta-
bility of the model. The standard metrics to assess perfor-
mance included Accuracy, Sensitivity (Recall), Specificity,
Precision, F1-Score and Area Under the Receiver Operat-
ing Characteristic Curve (AUC-ROC) (18). These metrics
present a multipolar perspective of the model performance
which is essential in medical diagnostics where a false neg-
ative is especially expensive (Table 1). Table 1 shows that
there is a high imbalance of the classes, which is character-
istic of real-life medical data, with Melanocytic Nevi prevail-

DATA DATA ENSEMBLE
ACQUISITION ~ PREPROCESSING ~ MODELTRANING \yregration ~ EVALUATION
Hair Removal et VGG-16
CNN Architectu
0. uvem -_a( i Comparison with
I 2 Eretomare
ISIC Archive, | InceptionV3 Weighted & Performance
HAM10000 = (Deep e Net) Voting Performance —
Datasets Color LT e Ensemble Metrics rtasirn
(25,000+ images) Normalization —_— ) (Accuracy, Sensitiviy,
(e.g., Hist. Equalization) | ResNet-50 gm Specificity, AUC) ssUYF.:fT(I)EI:IT
-:‘l/'\ (Residual Network) from multiple (Outpu)
5 models based
( : T on performance
a Augmentation Efgg;ﬂ:"gm‘ i Q&
e on (Rotation, Fip, Zoom) Dematogt ,.m.,.,"‘.‘,"';_,,,
Trained Models
(Parallel)

Figure 1: Methodology Flowchart.
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Table 1: Dataset Characteristics and Distribution across Diagnostic Classes

Diagnostic Class Im::es of Percentage (Dermol\::::ilti:t/‘élinical) Malignancy Status
Melanocytic Nevi (NV) 12,415 49.0% Mixed Benign
Melanoma (MEL) 4,210 16.6% Mixed Malignant
Benign Keratosis (BKL) 3,015 11.9% Dermoscopic Benign

Basal Cell Carcinoma (BCC) 2,850 11.2% Mixed Malignant
é‘:r'zi'go'::’(leségraep'the"a' 1,250 4.9% Clinical Pre-Malignant
Vascular Lesions (VASC) 850 3.4% Dermoscopic Benign
Dermatofibroma (DF) 741 2.9% Dermoscopic Benign

Total 25,331 100% - -

ing in the sample (49.0%). Nevertheless, there are enough
malignant cases (Melanoma and BCC) which give enough
data to be used during the training of sensitivity-oriented
models. This spread in modalities supports the duality of
the data needed to analyze the data in dual modalities. To
ensure statistical rigor, 95% confidence intervals (Cls) for
accuracy, sensitivity, and specificity were computed us-
ing the Wilson score interval for proportions, and Cls for
AUC-ROC were obtained via non-parametric bootstrap re-
sampling with 2,000 iterations. Comparisons between the
Al ensemble and the dermatologist panel were tested with
the McNemar test on paired image-level decisions, and
inter-rater reliability among dermatologists was quantified
using Cohen’s kappa (with 95% CI). Statistical significance
was set at p < 0.05. All analyses were performed in Python
3.10 (SciPy 1.11, scikit-learn 1.3, statsmodels 0.14).

Dermatologist Evaluation Protocol: To compare the
Al system with human readers, a panel of twelve (n=12)
board-certified dermatology specialists participated in the
evaluation. The panel included four senior dermatologists
(>10 years of post-specialization clinical dermoscopy expe-
rience), five mid-career dermatologists (5—10 years of expe-
rience), and three junior specialists (<5 years of experience).
We acknowledge that n=12 is modest relative to some mul-
ticenter reader studies (e.g., Haenssle et al., n=58; Brinker
et al., n=157), and this is explicitly discussed as a limitation.
The dermatologists evaluated the same held-out evaluation
set comprising 500 images selected to reflect the overall
dataset distribution. For each image, they were asked to
classify the lesion into one of the seven predefined diag-
nostic categories used in the study, based on the available
clinical and dermoscopic images. No additional clinical in-
formation, including patient age, sex, Fitzpatrick skin type,
lesion location, duration, evolution, symptoms, previous
treatments, or palpation findings, was provided.

The evaluation set was drawn exclusively from the indepen-
dent 20% test partition and was not used during model train-

ing, validation, hyperparameter tuning, or cross-validation.
Care was taken during partitioning to avoid multiple images
of the same lesion or patient across data splits whenev-
er patient identifiers were available; when such identifiers
were unavailable, perceptual hashing was applied to min-
imize near-duplicate leakage. Accordingly, the dermatolo-
gist comparison should be interpreted as a standardized,
closed-set image-classification task rather than as a simu-
lation of routine clinical diagnostic practice. Inter-rater reli-
ability among dermatologists was assessed using Cohen’s
kappa coefficient (19), and paired performance differences
between the Al ensemble and the dermatologist panel were
evaluated using the McNemar test (20).

RESULTS

Dataset Analysis and Pre-processing Results

Our first step in analysis involved integrity and preparation
of the dataset which is a key determinant of downstream
model performance. In our dataset of 25,331 images we
had a long tail distribution with most of the images being
benign nevi. In particular, the Melanocytic Nevi class was
almost half of the data set a threat of bias where the mod-
el could achieve maximum accuracy by mere guessing the
majority class. Our augmentation pipeline was successful-
ly used to balance the training set. Using the synthesis of
the under-represented classes to create artificial variations
of Dermatofibroma and Vascular Lesions, we obtained a
well-balanced training set, around 4,000 images of each
class. This trade off played a critical role in making sure that
the model acquired specific features of the rare pathologies
and would not consider them as noise.

The preprocessing processes also led to the quantifiable
image quality improvements. DullRazor algorithm was
successful in removing occluding hair in 92 percent of the
affected images with no substantial artifacts that could be
mistaken as lesion features. The coefficient of variation in
pixel intensity across the dataset dropped by 35% with color
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normalization, which confirms the fact that images of vari-
ous sources were brought to a unified color space. Such
standardization is critical to deep learning models, which
otherwise will have the potential to pick up on source-spe-
cific metadata (such as color temperature) instead of patho-
logical features. The critical dermoscopic structures like pig-
ment networks, dots, and globules that are crucial in correct
diagnosis were identified through visual inspection of the
preprocessed images.

The Original bars depict an imbalance with steep slope to-
wards Melanocytic Nevi whereas the Augmented bars have
a balanced distribution. This equalization is essential to
avoid the bias of the model and to make sure that the neu-
ral network will spend the same capacity on the learning of
the features of uncommon yet clinically important malignan-
cies (Figure 2). The details of critical lesions are maintained

along the transformation pipeline (Figure 3). In panel B, hair
strands are completely removed and do not cause issues
with the algorithms of texture analysis. The normalization
of the lighting conditions as depicted in panel C makes the
model concentrate on the biological variation as opposed to
an erratic photography condition.

Individual Model Performance Evaluation

We compared the results of the four single CNN networks,
including ResNet-50, VGG-16, InceptionV3, and Efficient-
Net-B4, on the test set held out. EfficientNet-B4 was the
best individual model with a total accuracy of 91.5. It is bet-
ter performing due to its approach to scaling compounds
that optimizes network depth, width and resolution at the
same time. ResNet-50 came right after with an accuracy of
89.8, but with the advantage of being residual-connected

EEm Original Dataset i

8000 7820

0 Augmented Training Set

6720 |

6000 -

4000

2000 -

I
Actinic
Keratosis

Melanocytic  Basal Cell
Nevus Carcinoma
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Dermatofibroma Vascular
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Figure 2: Dataset
Distribution Bar Chart.
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and thus it overcomes the vanishing gradient problem in
deep networks. The inception modules made InceptionV3
identify lesions with multi-scale patterns and achieved
88.2% which is particularly strong. Being robust, VGG-16
was slightly weaker in accuracy with an 86.4% score, prob-
ably because of its simplistic design and large amount of
parameterisation that causes it to over-fit smaller classes.

A sensitivity analysis showed the unique attributes to each
model. VGG-16 had excellent specificity with reduced sen-
sitivity to melanoma i.e. it was sensitive but missed on some
malignant cases. On the contrary, EfficientNet-B4 had a
more balanced profile with the highest sensitivity (90.1)
and specificity (92.3). These results were also supported
by the AUC-ROC scores, where EfficientNet-B4 scored an
AUC of 0.96, which means high discriminatory capacity at
all the levels. It should be mentioned that although VGG-
16 achieved the lowest overall accuracy, it was particularly
good on the category of Benign Keratinocytic Lesions char-
acterized by heavy texture, implying that it is able to see
particular texture-based features that other models would
not. The feature learning capabilities of the various archi-
tectures are diverse and gives a powerful reason why they
can later be integrated into an ensemble, EfficientNet-B4 is
the strongest single architecture that performs better in all

Table 2: Individual Model Performance Metrics on Test Set

measures compared to other architectures (Table 2). The
board scores of AUC-ROC (>0.90) show that all the chosen
models are very competent. Nevertheless, the sensibility
difference implies that the use of one model would jeopar-
dize the possibility of identifying malignant cases, which is
justified by the ensemble method.

The learning curves in four models are depicted in Figure
4. EfficientNet-B4 (green bar), besides achieving the high-
est final accuracy, also converges quickly compared to that
of VGG-16 (blue bar). The learning curve of ResNet-50 re-
mains consistent, whereas VGG-16 has certain oscillations,
which shows that the algorithm can be unstable when opti-
mizing it, or learning rate changes.

The visual representation of the data in Figure 5 shows that
EfficientNet-B4 has the nearest curve to the top-left corner,
which is in visual confirmation of its higher discriminatory
power (AUC 0.96). The similarity between the curves of the
InceptionV3 and ResNet-50 models in the middle area im-
plies that the two models perform equally well on cases of
moderate difficulty; meanwhile, the curve of VGG-16 drops
lower, indicating that the model has lower sensitivity to the
discrimination between morphologically similar benign and
malign lesions.

Model Architecture Accuracy (%) Sensitivity (%) Specificity (%) AUC-ROC F1-Score
VGG-16 86.4 84.2 88.1 0.91 0.85
InceptionV3 88.2 86.5 89.4 0.93 0.87
ResNet-50 89.8 88.9 90.5 0.94 0.89
EfficientNet-B4 91.5 90.1 92.3 0.96 0.91

100% +

92.8%

90%
80% -
70%
60%
50%
40%

30%

Accuracy Percentage (%)
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InceptionV3 ResNet-50
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Figure 4: Accuracy of
models comparison chart.
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Figure 5: ROC Curves of Each Model separately.

Ensemble Model Performance

A significant improvement of the performance was achieved
with the ensemble model, which was developed based on
a weighted mean of the probability vectors of the four com-
ponent architectures. On the test set, the overall accuracy
of the ensemble system was 94.2, beating the highest-per-
forming single model (EfficientNet-B4) by 2.7 percentage
points. The ensemble achieved an overall sensitivity of
93.8% (95% Cl: 91.4-95.7) and an overall specificity of
94.5% (95% CI: 92.3-96.2). The F1-score of 0.94 that bal-
ances the accuracy with the recall indicates that the ensem-
ble model is very effective in reducing the false positives
and false negatives. The hypothesis that the errors of var-
ious CNN architectures are uncorrelated is confirmed by
this performance improvement; the ensemble manages to
address the specific shortcomings of the individual models.

In particular, the ensemble model showed consistently
strong performance in the grey zone cases where individual
models differed. To provide an example, when separating
Melanoma at early stages, and atypical Melanocytic Nevi,
which is famously a challenging task, the ensemble had its
accuracy of 91, whereas the averaged models had an 84
percent accuracy. The confusion matrix analysis showed
that misclassifications were concentrated among visually
similar lesion categories, particularly keratinocytic lesions.
More importantly, the incidence of the so-called dangerous
errors, i. e. the diagnosis of a malignant melanoma as a be-
nign nevus, was minimized to less than 2 percent, which is

Table 3: Ensemble vs Individual Model Comparison

the essential safety margin of any clinical decision support
system.

The ensemble approach demonstrated improved perfor-
mance compared with individual models (Table 3). The
enhancement is the greatest in Sensitivity ( +3.7% ) which
is the most essential measure of skin cancer screening to
eliminate the possibility of missing out malignancies. The
steadily growing performance of all indicators proves the
idea that the ensemble approach successfully exploits the
counterbalancing ability of the underlying architectures.

The structural design of our final system has been visualized
in Figure 6. It also emphasizes the late fusion approach, in
which the models are trained separately, and the combina-
tion of their decisions is performed at the final stage. Such
design as a module provides flexibility; a single piece can
be updated or replaced without training the whole system.

The high overall accuracy is reflected in the high diagonal
line. Off-diagonal elements indicate where the errors have
arisen, particularly, there is a misunderstanding between
Benign Keratosis (BKL) and Melanoma (MEL), as they are
similar to each other in terms of appearance (Figure 7).
Nevertheless, the very low numbers in the bottom-left trian-
gle (which indicate malignant cases false-negative) prove
the safety profile of the model.

Dermatologist Performance Analysis

The performance of the dermatology specialists reflected
the complexity inherent in clinical diagnosis. Across the
twelve (n=12) participating dermatologists (4 senior with
>10 years, 5 mid-career with 5-10 years, and 3 junior with
<5 years of dermoscopy experience), the mean accuracy
of the panel was 88.5% (95% CI: 86.1-90.9) with a stan-
dard deviation of 4.2%. This reveals a substantial spread
between the most experienced readers (up to 93.2% ac-
curacy) and less experienced ones (approximately 81.5%).
The mean melanoma sensitivity was 85.2% (95% CI: 82.1-
88.3) and mean specificity was 89.4% (95% Cl: 87.0-91.8),
reflecting the clinical challenge of balancing false positive
and false negative rates in diagnostic practice.

The analysis of inter-rater reliability was conducted through
Cohen-Kappa making the score to be 0.68 that is consid-
ered as the moderate agreement. This statistic speaks

Model Configuration Accuracy (%) Sensitivity (%) Specificity (%) Precision (%)
Average Individual Model 89.0 874 90.1 88.5
Best Individual (EfficientNet) 915 90.1 92.3 90.8
Ensemble Model 94.2 93.8 94.5 93.9
Improvement (Ensemble vs Best) +2.7 +3.7 +2.2 +3.1
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Figure 6: Ensemble Model Architecture Diagram.

volumes; it measures the fact that various dermatologists
tend to disagree on the same image. The area where the
disagreement was the most significant was the distinction
between dysplastic nevi and early in situ melanoma. The
level of experience was found to be a good predictor of
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Figure 7: Heatmap of Confusion Matrix.

Table 4: Dermatologist Performance Metrics (Average vs. Range)

performance; specialists with over 10 years of experience
performed significantly better (p < 0.05) than those with less
than 5 years of experience.

Table 4 depicts the inconsistency of human diagnosis. Al-
though the most successful dermatologists can compete
with the accuracy of the Al, the wide range (Mean-Max)
shows the variation in care delivered by people. A key dis-
covery that can be made is that the sensitivity is relatively
low (85.2) in relation to that of the Al (93.8%), indicating that
the Al system may be used as a safety net to identify mela-
nomas that are not detected by the human experts.

The analysis of the performance gap is visually highlighted
in Figure 8. The line of the accuracy of the Al is higher than
the median of the dermatologist box plot and it is even high-
er than the upper quartile. This indicates that the Al sys-
tem demonstrated consistent and comparable performance
under controlled evaluation conditions. Figure 9 indicates
that there is a major disagreement among the professionals.

Metric Average Performance (%) Range (Min - Max) (%) Std. Deviation
Accuracy 88.5 81.5-93.2 4.2
Sensitivity (Melanoma) 85.2 76.0-915 5.1
Specificity 89.4 83.0-94.0 3.8
Kappa Score (Agreement) 0.68 0.55-0.79 0.08
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However, some groups of high agreement (probably those
consisting of senior specialists) are present; most pairs are
characterized by intermediate agreement. This visualiza-
tion clearly demonstrates the subjectivity issue in dermatol-
ogy that Al standardization is supposed to address.

Comparative Analysis: Al vs Dermatologists

The direct comparison of the Al ensemble and the panel of
dermatologists showed statistically significant differences
that were in supportive of the computational approach. The
Al system was 5.7 percentage points more accurate than
the average dermatologist (94.2% vs. 88.5% p < 0.001 with
McNemar test). While clinical practice involves balancing
sensitivity and specificity to avoid over-diagnosis or missed
diagnoses, the Al model demonstrated high performance
in both metrics (Sensitivity 93.8%, Specificity 94.5%). This
suggests the model is supportive of identifying patterns in
the image data. This implies that Al is more supportive in

terms of discriminating hidden patterns of features that the
human eye might not inherently see.

Diagnostic time was another aspect of comparison. The ar-
tificial intelligence system required around 45 seconds to
use a regular GPU server to analyse the whole test set of
500 images, compared to the 3.5 hours that the dermatolo-
gists spent on the task. This great difference in throughput
emphasizes the possibilities of Al as a triage tool. An Al
system can quickly scan a large number of patient images
in a clinical environment and indicates those at high risk in
seconds, thus maximizing the time of a dermatologist. The
Al system maintained consistent performance across differ-
ent lesion types, while dermatologist performance showed
some variation across diagnostic categories.

Figure 10 indicates that the red star (Al) lies much closer to
the most ideal top-right corner (100% sensitivity/specificity)
than the group of blue dots (dermatologists). The visual plot
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of this story summarises the better trade-off management
that the Al had. Figure 11 reveals that such a huge differ-
ence is represented in the form of the logarithmic scale. The
scalability of the Al is a game-changer due to its near-in-
stantaneous processing power (in seconds, as opposed to
hours). The speed is not the main diagnostic measure, but
the main one in screening the masses, and Al is the most
suitable application to public health efforts. Dermatologists
are quite competitive in common lesions, such as Nevi and
BCC, however, the Al is much better at outlier classes such
as Dermatofiboroma (DF) and Vascular Lesions (VASC)
(Figure 12). This consistency may reflect the Al system’s
ability to maintain uniform pattern recognition across all
trained categories.

12.5 hours

12 wzmse
10 (10sec)
8 (s

278X faster

6 65

Time (Hours)

4 (s

2 (2s)

45 seconds

0 (se)

Al System Average Dermatologist

Figure 11: Analysis of Diagnostic Time.

Lesion-Type Specific Performance

A lesion type-based performance analysis offers a fine detail
of the strong points in the model. The Al was most accurate
(97.1) in identifying Melanocytic Nevi, thus making it possi-
ble to sift through most of the benign cases. For melanoma,
the model achieved an accuracy of 93.4% and a class-spe-
cific sensitivity of 94.1%. The Basal Cell Carcinoma (BCC)
was also well-performing with the 95.2% detection, which
can be explained by the specifics of BCC (e.g. arborizing
vessels) that CNNs can realize. Actinic Keratosis/Intraep-
ithelial Carcinoma (AKIEC) showed an accuracy of 89.5%.

The model achieved 92.8% accuracy on Dermatofibroma
classification, demonstrating the system’s capability to as-
sist in verifying distinctive features of this common lesion.
The excellent score in Vascular Lesions (96.5) is not surpris-
ing because the corresponding color characteristics (red/
purple lacunae) can easily be distinguished in the RGB col-
or space used by the CNNs. These results are class-specif-
ic and thus demonstrate that the ensemble model not only
can obtain high average accuracy but also high standards
across the biologically different pathologies.

Table 5 describes the particular spheres of Al dominance.
The difference of +7.3% in the accuracy of Melanoma is
clinically significant because it is a substantial amount of
cancers that would be recognized by the Al.

Feature Importance and Interpretability

In order to solve the black box aspect of deep learning, we
used Gradient-weighted Class Activation Mapping (Grad-

AKIEC/SCC

—a— Al
—m~- Dermatologists

Figure 12: Lesion Type
Performance.
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Table 5: Performance Metrics by Lesion Classification

Lesion Class Al (%) Accuracy Derm (%) Accuracy Difference (%) Al(%) Sensitivity
Melanoma (MEL) 934 86.1 +7.3 941
Melanocytic Nevi (NV) 971 94.5 +2.6 98.2
Basal Cell Carcinoma (BCC) 95.2 91.0 +4.2 93.5
é‘:r';'r‘:o'ﬁ:‘(tzi'fégraep'the"a' 89.5 82.3 472 86.4
Benign Keratosis (BKL) 91.8 87.4 +4.4 89.7
Dermatofibroma (DF) 92.8 78.4 +14.4 90.5
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Qriginal Image
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(©)
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Figure 13: Activation Maps of Grad-CAM.

CAM) to visualize the areas of interest that affected the
model taking decisions. The Grad-CAM heatmaps showed
that the Al model has paid appropriate attention to clinically
significant features. In the case of Melanoma, the model
would always be activated on irregular pigmentation areas,
atypical pigment networks, and blue-white veil structures
consistent with dermoscopic criteria. Arborizing vessels and
ulceration were the focal points of the activation maps in
Basal Cell Carcinoma. Such correspondence between the
model attention and the known medical knowledge is a very
good confirmation of the learning process in the system; the
system is not using the background artifacts or incidental
correlations. The qualitative evidence of the validity of the
model can be found in Figure 13. In Panel A, the red areas
labelled hot are precisely the areas of structural disarray

characteristic of melanoma. This ascertains that the model
is scanning the lesion itself and not scanning the surround-
ing skin or background noise, which builds confidence in the
diagnostic results.

Figure 14 converts the abstract neural network weights
into comprehensible clinical concepts. The highest place
belongs to “Color Variance” and “Border Irregularity” which
perfectly coincide with the classical dermatological educa-
tion (the ABCDE rules). This coincidence is an indication
that the Al has all by itself discovered the same diagnostic
standards applied to human medicine.

Clinical vs Dermoscopic Image Analysis

Our major part of the research was to compare the perfor-
mance of the model on clinical (macroscopic) images and
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Figure 15: Clinical vs Dermoscopic Performance.

dermoscopic images. As anticipated, the Al had a much
higher accuracy of 95.8 percent as compared to 89.2 per-
cent in dermoscopic and clinical images, respectively. This
confirms the well-established diagnostic value of dermosco-
py in visualizing subsurface structures. On clinical images,
color was extensively used and gross shape, which are not
good predictors of malignancy, was used by the model.

The joint-analysis, however, of the model, when both the
image types were fed the model, yielded the greatest ro-
bustness. Although the level of accuracy increment in con-
trast to pure dermoscopy was small (+0.5) the confidence
rates of the forecasts were much greater. This implies that
the model is oriented with the aid of the clinical context (the
macros view) to eliminate some artifacts whereas the der-
moscopic view supplies the specifics of the features. This
observation substantiates a multi-modal workflow accord-
ing to which patients may record a smartphone picture (clin-
ical) to be initially triaged but to obtain a conclusive Al diag-
nosis a dermoscopic picture should be provided.

Figure 15 indicates that the blue bars have a constant high-
er level, which measures the diagnostic value of dermosco-

Figure 16: Combined Modality Analysis.

py. The disparity is most significant in the area of sensitivity,
meaning that the Al is prone to overlooking minor cancers
unless the data is presented in a detailed manner by the
use of dermoscopy. This justifies the quality of imaging
equipment in teledermatology practice.

The upward trend, of left to right, confirms that more data
is better in Figure 16. The highest point at “Combined Fu-
sion” indicates that the two modalities are synergies and
not redundant. Clinical pictures will give the context (size,
location), whereas dermoscopy will give the detail, and the
Al will be capable of integrating both to make the best diag-
nosis decision.

DISCUSSION

This study shows that a deep-learning ensemble can
achieve diagnostic accuracy in the range of experienced
dermatologists on a standardized, image-only skin-lesion
classification task. The ensemble achieved an overall sev-
en-class accuracy of 94.2%, with an overall sensitivity of
93.8%. For melanoma specifically, the model achieved an
accuracy of 93.4% and a class-specific sensitivity of 94.1%.
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These results are consistent with prior work on Al in medical
imaging (21).

Importantly, this comparison should be considered with
caution. Dermatological diagnosis is not made on the
mere visual inspection of the skin lesion; patient’s age,
sex, Fitzpatrick skin type, localization, duration, evolution,
associated symptoms, treatment history, and palpation
findings contribute to the diagnostic process. In our study,
the clinicians only saw the images, without any additional
accompanying data. Therefore, our results should not be
interpreted as demonstrating the clinical superiority of Al
over dermatologists, but rather as reflecting comparative
performance within the restricted task of standardized im-
age classification. The dermatologist evaluation was struc-
tured as a closed-set classification task based on seven
predefined diagnostic categories. Although this design en-
abled a standardized comparison between human readers
and the Al system, it differs from routine clinical practice, in
which dermatologists may consider a broader differential di-
agnosis, incorporate additional clinical information, request
further examinations, or defer a definitive diagnosis when
uncertainty remains. Our findings are broadly consistent
with previous evidence demonstrating strong image-based
diagnostic performance of Al systems, although direct nu-
merical comparisons should be made cautiously because of
differences in classification tasks, datasets, and study de-
signs. In the meta-analysis by Salinas et al. (22), 53 studies
were included in the systematic review, of which 19 were
eligible for meta-analysis; the pooled sensitivity and speci-
ficity of Al algorithms were 87.0% and 77.1%, respectively.
More recently, Laiouar-Pedari et al. (23), in a meta-analysis
restricted to prospective studies, reported pooled Al sensi-
tivity and specificity of 80.9% and 75.6%, respectively, with
performance broadly comparable to that of dermatologists.
The higher performance observed in our study may partly
reflect the use of a curated, preprocessed internal test set
derived from the HAM10000/ISIC domain rather than an
independent prospective clinical cohort. The importance of
assessing model generalizability beyond internal test sets
is also highlighted by Ricci Lara et al. (24), who external-
ly validated an Al ensemble using dermoscopic images
from a population distinct from the original development
setting. Recent studies have also demonstrated strong
performance using alternative modeling strategies. Thwin
and Park (25) reported improved classification performance
using a weighted ensemble of VGG16, Inception-V3, and
ResNet-50, whereas Pacal et al. (26) demonstrated the
potential of a modified Swin Transformer architecture for
multiclass skin lesion classification. Taken together, these
findings emphasize that the performance observed in our
study should be interpreted within the context of internal,
image-based validation and requires confirmation in inde-
pendent prospective cohorts.

The inter-rater reliability observed among the experts in this
study (Kappa = 0.68) is in line with the current literature
on the subject (27) and it also demonstrates the variability
inherent in visual diagnosis. In this respect, Al may serve
as a standardized second-opinion support system, which
can help mitigate variability in academic practice and offer
important relief in primary care or telemedicine situations,
where a specialist consultation may not be available in
the first place (28). However, this second opinion role is
complementary to - and does not substitute for - the clinical
parameters (history, examination, palpation) that dermatol-
ogists integirate at the bedside.

Technically, the findings demonstrate that the ensemble
approach has better robustness than the single CNN ar-
chitectures, where the improvement of the sensitivity is
statistically significant (+3.7) (29). This is in line with oth-
er researchers in radiology, who have achieved better pa-
thology detection using ensemble deep learning (30). The
ensemble reduces idiosyncratic errors by combining archi-
tectures that learn various characteristics: texture (VGG-16)
and multi-scale patterns (Inception). Moreover, the model
demonstrated good results in the classification of dermatofi-
bromas (92.8% accuracy), which indicates that the model is
capable of supporting the diagnosis of lesions with distinct
visual features (31,32).

The comparative study of imaging modalities supports the
necessity of the critical role of dermoscopy. The high score
in the dermoscopic images (95.8) compared with the clini-
cal images (89.2) confirms the fact that the quality of data
determines the effectiveness of a model (33). Nevertheless,
an image combined strategy that incorporates both types
of images resulted in the strongest results and thus con-
tributes to a workflow in which clinical images are used to
provide context to dermoscopy, giving it a conclusive detail
(34). This implies a lot to teledermatology, and the impli-
cation is that as useful as smartphone photography may
be in the processes of triage, dermoscopic attachments are
needed to have the Al-assisted diagnosis (35). Although
the results are encouraging, there are weaknesses. The
still image retrospective analysis is not able to completely
recreate the dynamic patient-clinician interaction needed in
dermatology. Moreover, community datasets can contain
some form of geographic or device biases (36). Crucially,
because these dermatologists evaluated only images with-
out ancillary clinical information, our results demonstrate
performance on standardised image-classification tasks,
and such computer vision tools should be evaluated as aids
to, not replacements for, complex bedside diagnostic rea-
soning by dermatologists. These results require prospective
clinical trials to characterize them in practice in real-time
patient care and their influence on clinical judgment and pa-
tient outcomes (37,38).
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Limitations and Future Prospects

Several limitations should be considered when interpret-
ing the present findings. First, the dataset predominantly
represents Fitzpatrick skin types I-lll, which may limit the
generalizability of the findings to darker skin types (IV-VI).
Second, although malignant lesions were generally con-
firmed histopathologically, some benign labels were based
on expert assessment or longitudinal follow-up, introducing
the possibility of label uncertainty. Third, the study relied on
high-quality, preprocessed images, and performance may
therefore differ when applied to real-world images affected
by variations in illumination, focus, acquisition devices, or
other artifacts.

The dermatologist comparison also has important limita-
tions. The reader panel consisted of 12 dermatologists,
which is smaller than that used in larger reader studies such
as Haenssle et al. and Brinker et al., resulting in greater
uncertainty around estimates of human performance (2,4).
In addition, the dermatologist evaluation was conducted as
a closed-set, seven-category image-classification task with-
out access to the broader clinical information normally avail-
able in routine practice. Consequently, reader performance
in this controlled setting may not fully reflect real-world der-
matologic diagnostic decision-making.

Finally, the Al model was evaluated using a held-out in-
ternal test set rather than an independent, geographically
distinct external cohort. The reported performance may
therefore be influenced by similarities between the training
and test domains and should not be assumed to generalize
directly to other clinical populations or acquisition settings.
Furthermore, newer transformer-based architectures were
not directly benchmarked in this study. Future research
should therefore prioritize independent external validation,
prospective multicenter evaluation, broader representation
of skin types and imaging conditions, and direct compari-
sons with alternative contemporary architectures.

Conclusion

A CNN ensemble can classify skin lesions with accura-
cy comparable to that of experienced dermatologists in a
standardized, image-only setting. The system can provide
reliable second opinions, reducing the variance of clinical
diagnostic practice, and has potential value in the context
of triage or teledermatology. Our results should not be in-
terpreted as claiming that computer-based diagnosis is bet-
ter than dermatologists in routine clinical practice, because
the reader arm was deliberately limited to image-based as-
sessment only, and did not include the clinical history and
examination upon which a diagnostic opinion in real life
would be based. The results therefore represent best-case
conditions for computer-based diagnosis in the context of
a standardized classification task, rather than reflecting re-

al-world diagnostic practice. Additional prospective studies
across centres with clinical context are needed before such
systems can be deployed in practice.
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