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Abstract

Mpox lesion identification from skin images remains challenging because lesion
appearances often overlap with other dermatological diseases and available
data are commonly imbalanced. This study proposes a graph-based multi-
class classification framework that combines class-balancing augmentation,
convolutional neural network (CNN)-based feature extraction, and graph neural
classification. Experiments were conducted on the Mpox Skin Lesion Dataset
Version 2.0 using three data configurations: (i) the original imbalanced data, (ii) a
balanced version generated through geometric transformation augmentation, and
(iii) a balanced version generated through combined geometric transformation
and color-space augmentation. Image features were extracted using eight CNN
backbones (EfficientNetB4, AlexNet, VGG16, ResNet50, DenseNet121, GoogleNetV3/
InceptionV3, MobileNetV2, and LeNet), then transformed into graphs by selecting
k-nearest-neighbor candidates and retaining edges according to cosine-similarity
filtering, and finally classified using graph convolutional networks (GCN) and graph
attention networks (GAT). Across 48 model combinations, data balancing improved
macro-level performance compared with the original imbalanced setting. The best
overall result was achieved by GCN with VGG16 on the geometrically and color-
augmented balanced data, reaching 92.00% accuracy, 91.55% macro F1-score,
98.81% macro area under the receiver operating characteristic curve (one-versus-
rest), 93.54% macro precision, and 90.32% macro recall. The best GAT result was
obtained by MobileNetV2 on the geometrically augmented balanced data, with
90.67% accuracy, 89.25% macro F1-score, 98.48% macro area under the receiver
operating characteristic curve (one-versus-rest), 89.28% macro precision, and 90.27%
macro recall. Although GCN showed a more consistent empirical performance trend
than GAT, the difference was not statistically significant. These findings indicate
that integrating balanced augmentation, CNN-derived representations, and graph
learning is a promising strategy for mpox lesion identification within the scope of
the present experiments; however, broader external validation and explainability-
oriented analysis are still required before real-world clinical deployment.

Keywords: Mpox; Image classification; Imbalanced data; Data augmentation; Graph
convolutional networks; Graph attention networks
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1. Introduction

The disease was formerly referred to as monkeypox. In
2022, the World Health Organization recommended
“mpox” as the preferred term for the disease. The mpox
outbreak has spread to over 110 nations and has become a
significant concern for global public health. According to
the report, between 2022 and 2024, 12 African nations were
identified as epicenters of mpox transmission, accounting
for 45,652 cases and 1,492 fatalities.! In contrast, the
incidence of mpox in Asia remains comparatively lower
than that in Africa, with South Asia reporting 111 cases
and Southeast Asia reporting 43 cases.’

Among the strategies to mitigate the spread of
infectious disease outbreaks is the implementation of
detection protocols. Currently, there exist two primary
challenges associated with the execution of mpox
detection. One clinically validated technique is polymerase
chain reaction; however, its application is hindered by the
time required to obtain results.>* The second challenge
arises from the symptomatology of mpox rashes or sores,
which can resemble other dermatological conditions
such as chickenpox, measles, hand-foot-mouth disease,
or cowpox. While healthcare professionals with expertise
in these diseases can readily differentiate between them,
laypersons may encounter substantial difficulties in
making such distinctions.” With advances in artificial
intelligence (AI), the diagnostic capabilities of medical
practitioners can be supported by Al-based approaches,
thereby enabling a broader demographic to participate in
the detection process.

Research on the use of AI that employs image data
is commonly referred to as computer vision research.
Computer vision has been widely implemented in
healthcare and medical applications for detecting diseases
such as stomach cancer, bladder cancer, lung disease,
breast cancer, skin disease, prostate cancer, pneumonia,
brain tumor, and osteoarthritis.”® Research in computer
vision has mainly focused on developing preprocessing
techniques, feature extraction, and classification algorithms
to improve the performance of AI models.*® In addition to
analyzing medical images, machine learning algorithms
have also been developed as classification frameworks
for monitoring human health conditions, demonstrating
the potential of Al to support disease identification and
decision-making processes in healthcare.!® The success
of these computer vision studies on medical image data
provides the basis for the application of computer vision to
mpox identification in the present study.

The development of an image-based mpox rash
identification model generally uses the Mpox Skin Lesion

Dataset Version 2.0 (MSLD v2.0).!'-1¢ This dataset consists
of 755 images from 541 patients across six classes. The
challenge of using this dataset lies in its limited size and
the unequal distribution of samples across classes, ranging
from 55 images for the measles class to 284 images for the
mpox category. A model trained directly on the original
dataset may therefore be biased toward the majority class
and show lower sensitivity to minority classes.

Inpriorstudies, solutionsto thelimited number ofimages
in the MSLD v2.0 dataset were proposed by increasing the
number of images through image augmentation.'*¢ The
image augmentation techniques used in earlier studies
can be grouped into two types: geometric augmentation
and color space augmentation. Some studies used only
geometric augmentation'?'s, whereas other studies
combined both types of augmentation.”*"** Nevertheless,
all of these studies increased the number of images
without considering the balance of the class distribution.
As a result, the resulting models may be biased toward the
majority class.

Image-based mpox lesion identification research
initially used machine learning algorithms that required
convolutional neural network (CNN)-based feature
extraction so that images could be represented as
numerical data.'? Subsequent developments have been
dominated by deep learning, particularly CNNs'*'*!¢ and
transformers'"'®, which can perform feature extraction
automatically. Alongside these two deep learning
approaches, graph neural network (GNN) architectures
were also developed, especially graph convolutional
networks (GCNs) and graph attention networks (GATS),
which have been used in various image classification tasks
by modeling images as nodes and similarity relationships
as edges.!”"®* However, based on a review of the literature,
the use of GCNs and GATs for mpox lesion classification
remains limited.

Given the limited number of samples and class
imbalance in the MSLD v2.0 dataset, along with the still-
limited adoption of GNNs for mpox lesion classification,
this study integrates augmentation-based class balancing,
CNN-based feature extraction, feature-similarity-based
graph construction, and graph-based classification.
Geometric and hue-saturation-value (HSV) color
transformations are applied to generate balanced training
data. Next, eight CNN architectures—EfficientNetB4,
AlexNet, VGG16, ResNet50, DenseNet121, GoogleNetV3/
InceptionV3, MobileNetV2, and LeNet—are evaluated as
feature extractors. The resulting feature vectors are then
used to construct graphs before being classified using GCN
and GAT.
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This study aims to:

(i) Investigate the effect of geometric augmentation and
HSV-based augmentation with class balancing on the
classification of mpox skin lesions.

(ii) Compare the effectiveness of eight CNN architectures
as feature extractors for graph-based classification.

(iii) Compare the performance of GCN and GAT in
classifying skin lesions across six classes.

(iv) Assess the performance of the proposed framework
relative to approaches used in prior studies based on
MSLD v2.0.

The main contribution of this study is the integration
of augmentation-based class balancing, multiple CNN
feature extractors, and graph-based classification for
mpox lesion identification. Unlike prior studies that use
augmentation only to enlarge the dataset, the proposed
strategy uses augmentation to achieve an equal number of
training samples across classes. This study also examines
the performance of models built using feature extraction
from several CNN architectures and two GNN variants,
namely GCN and GAT, to determine which combination
yields the best performance.

The remainder of this article is organized as follows.
Section 2 presents the related work, including a review of
the most recent studies on mpox skin lesion classification
covering image data augmentation techniques, feature
extraction techniques, and classification algorithms for
image-based cases. Section 3 describes the data and
methods, providing a detailed explanation of the dataset,
the research stages, and the proposed method used in
this study. Section 4 reports the results, including the
performance of 48 models formed from combinations of
three dataset variants, eight feature extraction techniques,
and two GNN-based classification algorithms. Section
5 discusses the findings, compares them with previously
published approaches, and presents implications and
limitations. Finally, Section 6 provides the conclusions and
directions for future research.

2. Related work

2.1. Deep learning approaches for mpox skin lesion
classification

Recent studies have investigated automated mpox
identification from skin lesion images using machine
learning, deeplearning, and transformer-based architectures.
Many of these studies have employed the MSLD v2.0, which
contains 755 images distributed across six diagnostic classes.
Despite its relevance to multi-class skin lesion classification,
the dataset is characterized by a relatively limited sample size
and substantial class imbalance.®'>!>!6

Existing mpox classification studies can broadly
be grouped into three research directions: feature
representation,  classifier ~development, and data
augmentation. The first direction focuses on extracting
discriminative visual representations from skin lesion
images. CNNs are commonly employed as feature
extractors due to their ability to learn hierarchical
visual characteristics, including lesion shape, texture,
color distribution, and spatial patterns. The extracted
representations are subsequently classified using
conventional machine learning methods, such as random
forest, support vector machine, LightGBM, Extra Trees,
XGBoost, and an adaptive Bayesian-optimized boosting
learning machine. One such study reported an F1-score of
approximately 82% using this combined feature-extraction
and machine-learning framework."

Thesecondresearch direction concerns the development
and comparison of classification architectures. Previous
studies have evaluated conventional machine learning
algorithms, including logistic regression and K-nearest
neighbors (KNNs), alongside deep learning models such
as MobileNetV2, VGG16, ResNet50, GoogleNetV3/
InceptionV3, and DenseNet201.”> Transformer-based
architectures have also been introduced due to their
ability to capture long-range dependencies among image
regions. An ensemble combining a vision transformer
and ConvMixer achieved an Fl-score of 92.97% within
its experimental setting, exceeding the results obtained by
the individual CNN-based models evaluated in the same
study.”

Other studies have examined transfer-learning and
self-supervised  representation-learning  approaches,
including a vision transformer, a masked autoencoder,
DINO, and Swin Transformer."" Among the architectures
evaluated in that study, Swin Transformer produced the
highest reported performance, with an F1-score of 93.58%.
These findings indicate that hierarchical transformer
architectures can provide competitive representations for
mpox lesion classification.

More recently, another study evaluated seven pretrained
CNN and transformer backbones—EfficientNetV2-S,
ConvNeXt-Tiny, ViT-B/16, ResNet-50, DenseNet-121,
EfficientNet-B0, and MobileNetV3-Large—for binary
mpox classification. The predicted probabilities of these
models were combined using a weighted soft-voting
ensemble, with the ensemble weights optimized through
random search. Within the corresponding experimental
setting, the ensemble achieved an average Fl-score of
83.34% and an area under the curve (AUC) of 93.88%,
whereas ConvNeXt-Tiny was the Dbest-performing
individual model with an Fl-score of 81.59%."
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Nevertheless, direct comparisons across studies should be
interpreted cautiously because the reported results may be
based on different data partitions, augmentation strategies,
preprocessing procedures, and evaluation protocols.

2.2, Data augmentation and class-imbalance
handling

The third major research direction concerns the use of data
augmentation to address the limited number of mpox skin
lesion images. Data augmentation is widely adopted in
medical image classification because model performance is
strongly influenced by the quantity and diversity of training
samples. This issue is particularly relevant to MSLD v2.0,
which contains only 755 images and exhibits considerable
variation in the number of samples available for each class.

Geometric augmentation techniques, including
rotation, flipping, translation, cropping, and scaling, have
been used to expand the dataset. Previous studies increased
the number of images to approximately 2,625 and 7,532
samples through geometric transformations.'>** Other
studies combined geometric transformations with zooming
and noise injection and subsequently evaluated classifiers
such as ConvNeXt, MobileNetV2, DenseNet121, Xception,
and Swin Transformer.'® Within that experimental
configuration, the Swin Transformer model achieved the
highest F1-score of approximately 91%.'¢

More comprehensive augmentation strategies have
additionally incorporated color-space transformations.
For example, MSMP-Net employed geometric
transformations, noise injection, and variations in hue and
saturation . The proposed architecture used ConvNeXt as
its backbone and incorporated multi-scale feature fusion
to integrate local lesion information with higher-level
semantic representations. This model achieved an F1-score
0f 90.24%."

Another study applied geometric transformations,
image-noise augmentation, and color manipulation
in the HSV color space."* The HSV augmentation was
intended to increase model robustness to variations in skin
appearance and skin tone across diverse populations. The
resulting images were evaluated using transfer-learning
architectures, including VGG16, ResNet50, DenseNet121,
MobileNetV2, EfficientNetB3, GoogleNetV3/InceptionV3,
and Xception, with models pretrained using ImageNet- and
HAM10000-based representations. The best-performing
configuration combined HAM10000-based pretraining
with DenseNet121 and achieved an F1-score of 88%."

Although these augmentation strategies increased the
number and diversity of images, most previous studies
primarily focused on dataset expansion rather than
explicit class balancing. Simply generating additional

images does not necessarily ensure an equal distribution
among diagnostic classes. Consequently, models trained
on augmented but still imbalanced datasets may remain
biased toward majority classes and may provide lower
sensitivity for minority skin conditions. Therefore,
augmentation should not only increase the overall number
of samples but should also be designed to achieve a more
balanced class distribution.

2.3. Graph neural networks for image classification

Most previous mpox studies have relied on conventional
machine learning, CNN-based deep learning, or
transformer-based architectures. An alternative approach
is offered by GNNs, which represent samples as nodes
and their relationships as edges. GCNs and GATs are
two widely used GNN variants for classification tasks.'”!®
GCNs aggregate information from neighboring nodes
through graph convolution, whereas GATs assign different
attention weights to neighboring nodes according to their
relevance.

Graph neural network-based approaches have been
successfully applied to various computer-vision and
medical-image classification problems. However, unlike
CNNs, GCNs and GATs typically do not directly process
raw image pixels in their conventional formulation.
Images are first converted into numerical feature
representations, after which relationships among samples
can be constructed based on feature similarity.® CNN
architectures can therefore serve as feature extractors,
while GCNs or GATs can exploit relationships among the
resulting image representations.

Despite the potential of this approach, the application
of GCNs and GATs to multi-class mpox skin lesion
identification remains limited. Furthermore, previous
studies have not systematically investigated how
different CNN feature extractors affect the performance
of graph-based mpox classifiers. Architectures such as
EfficientNetB4, AlexNet, VGG16, ResNet50, DenseNet121,
GoogleNetV3/InceptionV3, MobileNetV2, and LeNet
produce feature representations with different dimensions,
depths, and levels of abstraction. Their integration with
graph-based classifiers may therefore produce substantially
different classification outcomes.

Accordingly, the present study addresses two
limitations identified in the existing literature. First, it
investigates class-balancing strategies based on geometric
transformations and a combination of geometric and
HSV color transformations rather than merely increasing
the overall number of images. Second, it systematically
evaluates eight CNN architectures—EfficientNetB4,
AlexNet, VGG16, ResNet50, DenseNet121, GoogleNetV3/
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InceptionV3, MobileNetV2, and LeNet—as feature
extractors for GCN- and GAT-based classification. The
experimental framework is designed to assess the effects
of class balancing, feature-extraction architecture, and
graph-based classification on multi-class mpox skin lesion
identification.

3. Data and methods

The procedural framework employed in this investigation
is shown in Figure 1.

3.1. Dataset

The dataset used in this study is the MSLD v2.0, a publicly
available dermatological image dataset developed for
multi-class classification of mpox and visually similar skin
diseases. MSLD v2.0 consists of 755 original skin lesion
images collected from 541 patients and categorized into six
classes: Mpox; Chickenpox; Measles; Cowpox; Hand, Foot,
and Mouth Disease (HFMD); and Healthy.!'-*>'¢

Table 1 presents the details of the MSLD v2.0 dataset,

and Figure 2 shows an example image of each class from
the MSLD v2.0 dataset.

The dataset exhibits class imbalance, as the number
of images varies considerably across classes. The Mpox
class contains the largest number of samples, whereas
the Measles class has the smallest number of images. This
imbalance represents an important challenge in model
development because it may cause the classifier to be
biased toward the majority classes and reduce its sensitivity
in recognizing minority classes.?"?

3.2, Data augmentation

Image data augmentation was applied to increase
the variability of the training data and improve the
generalization ability of the proposed model. This process
generatesadditional training samples by applying controlled
transformations to the original images without changing
their class labels.”*** In this study, image augmentation
was grouped into two main categories: geometric
transformations and color-space transformations.

Figure 1. Research flow
Abbreviations: GAT: Graph attention network; GCN: Graph convolutional network; HSV: Hue-saturation-value; MSLD v2.0: Mpox Skin Lesion Dataset
Version 2.0.

Table 1. Mpox Skin Lesion Dataset Version 2.0

Class Number of images Description

Mpox 284 Skin lesion images associated with mpox infection
Chickenpox 75 Skin lesion images associated with varicella/chickenpox
Measles 55 Rash images associated with measles

Cowpox 66 Skin lesion images associated with cowpox infection
HFMD 161 Skin lesion images associated with hand-foot-mouth disease
Healthy 114 Normal/healthy skin images

Total 755 Original images from 541 patients

Abbreviation: HFMD: Hand, foot, and mouth disease.
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Geometric transformations were used to introduce
spatial variation in the lesion images. The applied operations
included horizontal and vertical flipping, cropping and
zooming, and shearing.'>'** These transformations
help the model become more robust to variations in
lesion position, orientation, size, and viewpoint, thereby
improving its ability to recognize lesion patterns under

different image acquisition conditions. Figure 3 shows
examples of the results of the geometric transformations
applied in this study. Algorithms 1 and 2 describe the
complete geometric transformation procedure employed
in this study. The input to this procedure is the imbalanced
MSLD v2.0 training data, and the output is a balanced
training set containing 250 images per class.

Algorithm 1. Geometric augmentation for dataset balancing

Input: original image dataset D organized by class.
Output: class-balanced dataset D, , .~ containing 250 images per
class, resized to 224 x 224 pixels.

lanced

Algorithm 2. Geometric transformation procedure

1  procedure BALANCE-DATASET(D)

2 Set target images per class 7 « 250 and image size
S «224x224

3 Listall valid images and group them according to their class labels
4 Count the number of images n_in each class

5  for each class cdo

6 I < images belonging to class ¢

7 ifn_>T then

8 Randomly select T images from I_

9 Resize the selected images to S and add them to Dbalanced

10 else

11 Resize all original images in Ic to S and add themto D, ,

12 N ovoied < T —n.

13 while generated images <N, - do

14 Select an original image x and one geometric transformation g
15 X € APPLY-GEOMETRIC-AUGMENTATION(x, g)

16 Addx, toclasscinD,,, .,

17 end while

18 end if

19  end for

20  Verify that every class contains exactly T images
21 retarnD,

22 end procedure

1 procedure APPLY-GEOMETRIC-AUGMENTATION(x, g)

2 if g = rotation then

Select
3 9&({,45,60,90,120,135,150,180,210,225,24 0,270,300,315,330}°
and rotate the image around its center

4 elseif g = horizontal flip then

5 Reflect the image across the vertical axis

6  elseif g = vertical flip then

7 Reflect the image across the horizontal axis
8  elseif g = crop-zoom then

9 Select crop ratio  €[0.80,0.95], crop randomly, and resize to
the original dimensions

10 elseif g = shear then

11 Select horizontal shear factor / € [—0.30, 0.30] and apply the
shear transformation

12 elseif g = zoom then

13 Selectzoom factor z € [0.90,1.10] and scale the image around
its centre

14 endif

Use reflected border padding for rotation, shear, and zoom

15 .
transformations

16  return the transformed image

17 end procedure
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Figure 2. Example of skin lesion images from each class in the Mpox Skin Lesion Dataset Version 2.0: (A) Mpox, (B) Chickenpox, (C) Measles, (D)

Cowpox, (E) Hand, Foot, and Mouth Disease, and (F) Healthy

Figure 3. Geometric transformation results: (A) Original, (B) rotation, (C) flip horizontal, (D) flip vertical, (E) crop zoom, (F) shear, and (G) zoom

where n_denotes the number of images in classcand N, ,
is the number of augmented images required to reach the

target.

Color-space transformations were used to simulate
variations in skin tone, illumination, and image acquisition
conditions. This augmentation was performed by
modifying color-related components, particularly in the
HSV color space, where hue represents the dominant color
component, saturation represents color intensity, and value
represents brightness.'*'>*% Additionally, image contrast
was modified. This technique helps the model learn diverse

color characteristics of skin lesions and enhances its
robustness in recognizing lesion patterns across different
skin tones and lighting conditions.”® This technique can
also help increase data diversity while accounting for racial
diversity."* Figure 4 shows examples of the color-space
transformation results obtained in this study. The complete
color-space transformation procedure is presented in
Algorithm 3. The input to this algorithm is the balanced
training data generated in the previous stage. Each input
image produces 24 augmented images in addition to the
original image. The clip operation limits channel values to
[0, 255], and hue is wrapped to [0, 179] using modulo 180.

Figure 4. Color-space transformation results: (A) Original, (B) brightness (1.30), (C) contrast (0.84), (D) saturation (0.71), and (E) hue shift (16.0°)
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Algorithm 3. HSV color augmentation

Input: an RGB image x.
Output: a set of 24 HSV-augmented RGB images A.

1  procedure HSV-COLOR-AUGMENTATION(x)
2 Define hue shifts H < {30, 60, 90, 120, 150, 180}
3 Define saturation factors S < {0.5, 1.0}

4 Define value factors V < {0.5, 1.0}

5 A<Q

Convert x from RGB to HSV and separate the original channels
Ho, So, and V,

7  foreachh € Hdo

8 for each s € Sdo

9 for each v € Vdo

10 H’ < (Ho, + h) mod 180

11 S" « clip(So x s, 0, 255)

12 V' « clip(Vo x v, 0, 255)

13 Combine H', §', and V'into an HSV image

14 Convert the augmented HSV image to RGB and add it to A

15 end for
16  end for
17  end for

—

8  Verify that A contains 24 augmented images
19  return A

20 end procedure

where Ho, So, and V, denote the original HSV channels,
and A, s, and v are the selected hue, saturation, and value
parameters.

3.3. Feature extraction

Feature extraction is a process of transforming raw data
into meaningful representations that can be used by
machine learning or deep learning models for analysis and
classification.”~* In image-based tasks, feature extraction
aims to capture discriminative visual characteristics, such
as color, texture, shape, edges, patterns, and structural

information. In general, feature extraction converts an
image into structured data with numerical values because
machine learning and deep learning algorithms are
fundamentally composed of mathematical operations that
require numerical inputs. This representation enables the
model to process visual information computationally and
learn relevant patterns for classification.*

Currently, one of the most widely used approaches
for image feature extraction is the CNN. Compared with
traditional handcrafted feature extraction methods, CNNs
can automatically learn discriminative features from image
data. This capability reduces the need for manual feature
engineering and enables the model to extract hierarchical
visual representations directly from raw images.® Figure 5

illustrates the general architecture of a CNN.

The CNN architecture employed in this investigation
was initiated by incorporating images of skin lesions as
the input data. These input images were subsequently
processed by convolutional layers to extract localized
visual patterns, including edges, colors, textures, lesion
morphologies, and skin surface structures. The output
from the convolutional layers is represented by feature
maps that encapsulate the fundamental characteristics of
the image. Moreover, the feature maps were subjected to the
rectified linear unit activation function, which introduces
nonlinearity, thereby enabling the CNN to capture more
intricate visual patterns. Subsequently, pooling layers
were implemented to reduce the spatial dimensions of the
feature maps while preserving critical information, thereby
enhancing computational efficiency and increasing the
model’s resilience to minor variations in the position or
size of the objects depicted in the image.'

The feature extraction procedure was then repeated
across multiple convolutional blocks, comprising
convolutional layers, activation functions, and pooling
layers, in an iterative manner. At this stage, the CNN
extracts more abstract and semantic features, such as
rash patterns, lesion geometries, and visual attributes that
differentiate one category of skin pathology from another.
The feature maps produced by the convolutional blocks
were subsequently aggregated via flattening or global
average pooling, thereby converting the two-dimensional
feature representation into a one-dimensional feature
vector. This feature vector is a numerical representation
of an image that captures significant visual information
resulting from the CNN’s feature extraction process.*

Subsequently, the feature vector was utilized as input for
the fully connected layer to model the relationships between
the extracted features and the target classification. Fully
connected layers serve as the classification component,
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Figure 5. Standard architecture of a convolutional neural network
Abbreviations: HFMD: Hand, Foot, and Mouth Disease; ReLU: Rectified linear unit.

transforming feature representations into probabilistic
scores for each class. In the final stage, the model selects
the class with the highest score as the prediction. When
a CNN is employed as a feature extractor, the output is
derived from the flattening or global average pooling layer.
This output is then engaged as input for the classification
algorithm.*

The investigation employed several CNN architectures
for image feature extraction, specifically EfficientNetB4,
AlexNet, VGG16, ResNet50, DenseNet121, GoogleNetV3/
InceptionV3, MobileNetV2, and LeNet. These architectures
represent extensions of standard CNNs, comprising
convolutional layers, activation functions, pooling layers,
and fully connected layers. The distinctions among these
architectures lie in the arrangement of the layers, the depth
of the network, the connectivity mechanisms, and the
strategies employed for feature extraction.

In terms of their layer configuration and feature
extraction methods, LeNet, AlexNet, and VGG16 are
categorized as sequential CNN, given their relatively linear
flow of layers from convolution to activation, pooling, and
ultimately to fully connected layers. In contrast, ResNet50
and DenseNet121 are CNNs characterized by inter-layer
connectivity: ResNet50 employs residual connections,
while DenseNet121 uses dense connections to enhance
information flow and facilitate feature reuse.*>*

GoogleNetV3, also referred to as InceptionV3, is a
CNN architecture that employs multi-scale convolution by
using an array of filter sizes concurrently to capture features
across a spectrum of scales. In contrast, MobileNetV2
and EfficientNetB4 are characterized by lightweight
and computationally efficient CNN architectures.
Specifically, MobileNetV2 employs depthwise separable
convolution along with an inverted residual block, while
EfficientNetB4 leverages MBConv and compound scaling

methodologies to yield robust feature representations that
are computationally optimal.*'*?

To systematically extract feature representations from
skin lesion images using all eight CNN architectures,
a comprehensive multi-architecture feature extraction
procedure was implemented. This procedure processes
the entire dataset (comprising training, validation, and
test splits) through each architecture independently,
ensuring that discriminative visual information is captured
consistently across all models. The extracted features
are subsequently prepared as structured datasets for
downstream classification tasks. The algorithmic workflow
of this multi-architecture feature extraction process is
formalized in Algorithm 4, which outlines the sequence of
operations from data loading to feature storage.

Algorithm 4. CNN-based image feature extraction

Input: Image dataset D={(x, ¥, )}L , target image size S =224x224,
and the set of CNN architectures M .
Output: Eight structured feature datasets ]—‘:{( F", Y(’”)) |meM } .

1 procedure EXTRACT-CNN-FEATURES( D )
2 S «(224,224)

3 M <« {EfficientNetB4, AlexNet, VGG16, ResNet50,
DenseNet121, GoogleNetV3, MobileNetV2, LeNet}

4 F«J

5  foreach meM do

6 Load CNN architecture m

(Contd...)
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Algorithm 4. (Continued)

Algorithm 4. CNN-based image feature extraction

7 Remove or bypass the final classification layer of 171

8 Select the designated feature-extraction layer [,
9 Initialize feature matrix F (m) «—J

10 Initialize label vector Y «

11 for each image-label pair (x,,y,) e D do
12 x,' < RESIZE(x,,S)

13 x," <~ PREPROCESS(x,',m)

14 7O x

15 for each convolutional block / in architecture 71 do

16 7" « CONVOLUTION(Z",w,,5,)

17 7" ReLU(Z")

18 z!" < POOLING(Z"))

19 end for

20 £ ¢~ EXTRACT-OUTPUT( 7))

21 if f, (") _is a multidimensional feature map then

2 /;(”’) < . FLATTEN-OR-GLOBAL-AVERAGE-POOLING
TA!

23 end if

24 Append fi(m) to ™
25 Append y, to y™

26 end for

27 Store (F )y (m))in F under architecture m
28 end for

29 return F

30 end procedure

Convolutional feature transformation:
z o (w2 +b,) (1)
Feature vector generated by architecture m:

fl.(m) =@, (x,)eR™ 2)

Feature matrix and label vector:
T
Flm — [ﬁ(m)afz(m) ,f;&m)] c RV*Pn (3)

Y:[ylayz""yN]T

where:

(i) N denotes the number of input images.

(ii) m denotes a CNN architecture.

(iii) p, denotes its feature dimension.

(iv) ¢, (-) denotes the feature-extraction mapping.

(v) g and Y™ denote the feature matrix and label
vector, respectively.

The final CNN classification layer is excluded.

3.4. Classification

This research employed two distinct variants of GNNs,
namely GCNs and GATs. Both algorithms were used
after the CNN-based image feature extraction phase. The
features produced by the CNN, represented as feature
vectors, cannot be directly processed by GCN or GAT,
since both algorithms require graph-structured data.
Consequently, the feature vector corresponding to each
image was initially represented as a node, followed by the
establishment of relationships between nodes, encoded
as edges, based on the degree of feature similarity. In
this manner, image data, initially represented as feature
vectors, are transformed into a graph structure comprising
nodes, edges, and feature representations associated with
each node.'®*

Before graph construction, the CNN-derived feature
vectors were standardized to reduce differences in their
numerical scales. Each image was represented as a
node, while candidate relationships between nodes were
identified using the KNN method. Cosine similarity was
subsequently calculated between neighboring feature
vectors, and an edge was retained when its similarity
satisfied a percentile-based threshold. If none of a node’s
candidate connections satisfied the threshold, the node was
connected to its most similar candidate to prevent isolation.
The retained node pairs were represented as bidirectional

Volume X Issue X (2026)

doi: 10.36922/AIH026270075


https://doi.org/10.36922/AIH026270075

Artificial Intelligence in Health

CNN-GNN framework for mpox lesion identification

edges, thereby enabling information to propagate between
related images during GCN or GAT processing.*

Two graph-learning settings are generally distinguished
in the literature: transductive and inductive learning.
In the transductive setting, the training, validation, and
test samples are included as nodes within a single graph.
Although the features and graph relationships of all
samples are available during model training, only the labels
of the training nodes contribute to the loss and parameter
updates, with separate node masks distinguishing the three
subsets during optimization and evaluation. In the inductive
setting, by contrast, feature standardization, similarity
estimation, and initial graph construction are performed
exclusively using the training samples. Validation and test
samples are treated as previously unseen nodes and are
introduced only during their respective evaluation phases,
each connected to similar training nodes through directed
edges oriented from the training nodes towards the unseen
node. Unseen nodes therefore receive information from
the training graph without influencing the representations
of the original training nodes, which more closely reflects
practical deployment scenarios in which newly acquired
images are not available during model training.**

The present study adopted the transductive setting for
all reported experiments. This choice reflects the objective
of the study, which is to compare the effect of successive
data augmentation strategies across three dataset variants
under a consistent classification protocol. The transductive
setting isolates the influence of the augmentation strategy
by allowing the full relational structure of each dataset
to be exploited. A systematic evaluation of the inductive
setting, together with the additional considerations it
raises regarding graph construction from training samples
alone, is reserved for future work.

Graph neural networks represent a deep learning
methodology designed to analyze data with relational
structure. In contrast to CNNs, which focus on local
patterns within images, and transformers, which
examine global relationships among patches via attention
mechanisms, GNNs explicitly investigate relationships
among data through graph structures. In image
classification, GNNs can effectively model inter-image
relationships based on the similarity of visual features
extracted by CNNs. This methodology enables the model
to analyze not only the individual characteristics of each
image but also the interrelationships among images with
analogous feature patterns.”® This aspect is particularly
relevant to the classification of skin lesions, as numerous
disease categories exhibit visual similarities; hence,
relational information among samples can augment the
model’s capacity to differentiate between classes that are
inherently challenging to separate.

A GCN aggregates information from adjacent nodes
according to the established graph structure. At each layer,
the GCN refines a node’s representation by combining its
features with those of its neighbors. This iterative process
facilitates information exchange among nodes, ensuring
that each node’s final representation is influenced not only
by its own image features but also by the features of related
images within the graph. Through this mechanism, GCNs
can model relational patterns among images and generate
more informative node representations to enhance the
classification process.'

Graph attention networks are a class of GNNs
that incorporate an attention mechanism during the
aggregation of information among nodes. Unlike GCN,
which typically use fixed propagation rules based on graph
structure, GAT assigns varying attention weights to each
neighboring node. Thus, neighboring nodes deemed more
pertinent receive greater weight in updating the node
representation. This adaptive mechanism allows GAT to
prioritize information from more relevant neighboring
nodes.” In the context of classifying skin lesion images,
GAT can help the model focus on images with the most
relevant visual features, thereby potentially improving
classification performance for classes with similar lesion
patterns.

To systematically implement these relational
classification mechanisms, this study applied a unified
workflow  encompassing feature  standardization,
similarity-based graph construction, configuration search,
and classification using both GCN and GAT. Graph edges
were established by identifying nearest neighbors under
cosine similarity and optionally retaining only those
connections that exceed a percentile-based threshold.
Because the graph topology is selected empirically rather
than fixed a priori, the resulting structure adapts to the
characteristics of each feature extractor and dataset under
the transductive protocol adopted throughout this study.
The complete procedure, from graph construction and
model training to prediction and performance evaluation,
is summarized in Algorithm 5.

Algorithm 5. GNN-based classification using GCN and GAT

Input: CNN feature datasets

D, = {(Xtr,ytr),(Xva,yva),(Xte,yte)} , neighborhood size k ,
and similarity quantile ¢ .

Output: Trained GCN and GAT models, predictions, graph metadata,
and classification metrics for transductive and inductive settings.

1 procedure GNN-CLASSIFICATION(D, k, q)

2 M <« set of CNN feature datasets

(Contd...)
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Algorithm 5. (Continued)

Algo

rithm 5. (Continued)

Algorithm 5. GNN-based classification using GCN and GAT

Algorithm 5. GNN-based classification using GCN and GAT

3 R ¢ {transductive, inductive} 35 end for

4 A <« {GCN, GAT} 36  return all experiment results

5 for each feature dataset m in M do 37 end procedure

6 Load training, validation, and test feature-label pairs from Dp, 38

7 for each learning setting r in R do 39 procedure BUILD-GRAPH(X, k, q)

8 if r = transductive then 40  Find k Euclidean nearest-neighbor candidates for each node
Fit StandardScaler on Xtr U Xva U Xte and transform all T . .

9 41  Compute cosine similarity for every candidate node pair
features

10 G < BUILD-GRAPH([Xtr; Xva; Xte], k, q) 42 7 < qth percentile of candidate similarities

11 Define training, validation, and test node masks on G 43 Retain candidate pairs whose cosine similarity is at least t

12 Gtr < G, Gva< G, Gte< G 44  Connect every isolated node to its most similar candidate

13 else 45  Convert retained pairs into bidirectional edges

14 Fit StandardScaler on Xtr only; transform Xva and Xte with 46  return graph G = (V, E, X), threshold 7, and neighbor index I
the same scaler

15 Gtr, T, Itr « BUILD-GRAPH(Xtr, k, q) 47 end procedure
Gva < attach validation nodes to Gtr using Itr, T, and Train > ..

16 o Feature standardization:
Validation edges

17 Gte < attach test nodes to Gtr using Itr, T, and Train > Test R
edges xi=(x—-u)/o 4

18 If no candidate passes T, connect the unseen node to its most ! ( ! ,U) ( )
similar training node . o .

19 dif Cosine similarity and edge selection:

end i

20 for each graph model a in A do

21 Initialize a with feature dimension d and C output classes

22 for epoch = 1 to maximum epochs do

23 Ztr < a(Gtr)

24 Compute cross-entropy loss using labeled training nodes
only

25 Update model parameters with the Adam optimizer

26 Evaluate macro-F1 on validation nodes in Gva

27 Retain the model state with the highest validation macro-F1

Stop early when validation macro-F1 does not improve

28
within the patience limit

29 end for

30 Restore the retained model state and predict test nodes in
Gte

31 Compute accuracy, macro precision, macro recall,
macro-F1, and macro ROC-AUC

1 Store the model, predictions, graph metadata, and
performance metrics

33 end for

34 end for

(Contd...)

Sij =

(;C;T;cj)/(||;6a N ;Cj 2),E = {(i,j)\j eN, (i)/\s,,/. >7q} (5)

Graph definitions for the two learning settings:

Gtrans = (Vtr UlWva Ulte, Eall, Xall) ,

Gin

(6)
d,tr = (Vtr,Etr,Xtr)

Eind,eval = Etru{(i,j) |ieVir A j eVeval}

GNN output and training objective:

Z= a(G;H),Ltrain = —(1/‘Vtr‘)2i eltr yiTlog(soﬁmax(zi )) (7)
where:

(i) X denotes CNN feature matrices.

(ii) Vand E denote graph nodes and edges.

(iii)  Ni(i) is the k-nearest-neighbor set of node i.

(iv) sy is cosine similarity.

(v)  1qis the gth-percentile similarity threshold.

(vi) ais either GCN or GAT.

(vii) Z contains class logits.

(viii) Vtr, Vva, and Vte denote training, validation, and

test nodes, respectively.
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In the transductive setting, all nodes share one graph,
but only training labels optimize the model. In the
inductive setting, scaling, threshold estimation, and the
training graph use training data only; unseen nodes receive
directed messages from training nodes during evaluation.

3.5. Performance evaluation metrics

The confusion matrix is a comprehensive evaluation
framework used to compare model predictions with the
actual categorical classifications.*! This matrix elucidates the
extent to which the data are accurately classified, as well as
the degree to which erroneous classifications have occurred
among the various categories. Table 2 presents the confusion
matrix for the six classes in the MSLD v2.0 dataset.

Accuracy is a critical metric for evaluating the efficacy
of a classification model. Accuracy can be computed from
the confusion matrix. Specifically, the accuracy for a multi-
class classification problem can be determined by dividing
the sum of all diagonal values in the confusion matrix by
the total number of data instances.*’ Equation 8 delineates
the methodology for calculating the relevant accuracy
for the classification task associated with the MSLD v2.0
dataset.

Cl114+C22+4+C33+C44+C55+C66

Z;Zizlcf

Accuracy = (8)
where:

(i) C, represents the element of the confusion matrix,
where i denotes the actual class and j denotes the

(iii) j represents the index of the predicted class, with
j=1,2,3,4,5,6.

(iv) C,,C,,,Cy;,C,,,Css, and Cy represent the diagonal
elements of the confusion matrix, which indicate the
number of correctly classified samples for each class.

) z;z;qj represents the total number of samples
in the confusion matrix, including both correctly and
incorrectly classified samples.

(vi) The value “6” represents the total number of classes
used in this study.

While accuracy is a useful measure, it has inherent
limitations when applied to unbalanced datasets; in such
cases, the accuracy metric may yield inflated values due to
the predominant correct predictions of the majority class,
thereby obscuring the identification of the minority class.

An additional evaluative metric incorporated in this
study is the F1-score. The F1-score represents an evaluative
measure that amalgamates precision and recall through the
application of a harmonic mean, thereby offering a more
equitable evaluation of the model’s capacity to generate
accurate predictions in conjunction with its ability to
identify all actual instances from a given class.*’ The
operational principle of the F1-score is to balance precision
and recall.

Precision is defined as the ratio of true positive
predictions to the total number of instances predicted as
a given class, with its computational expression detailed in
Equation 9*:

dicted class. Precision, = rE___ G
(ii) Il?rerel;rzsei?sss the index of the actual class, with T+ FR ZZ:LI{#CM ©)
i=1,2,3,4,5,6-

Table 2. Confusion matrix for the Mpox Skin Lesion Dataset Version 2.0 dataset
Actual/predicted Chickenpox Cowpox Healthy Hand, Foot, and Mouth Disease Measles Mpox
Chickenpox C11° C12 C13 C14 C15 Cl16
Cowpox C21 C22* C23 C24 C25 C26
Healthy C31 C32 C33° C34 C35 C36
HFMD C41 C42 C43 C44? C45 C46
Measles C51 C52 C53 C54 C55* C56
Mpox C61 C62 C63 C64 C65 C66*

Note: “Diagonal elements of the confusion matrix, representing the number of correctly classified samples for each class.
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where:

(i) Precision, - represents the precision value for class 1.

(ii) 7P represents the number of true positive samples for
class ;.

(iii) FP represents the number of false positive samples
for class i.

(iv) C, represents the diagonal element of the confusion
matrix, which indicates the number of correctly
classified samples for class 7.

(v) C, represents the number of samples from actual
class k that are predicted as class i .

(vi) ijl C, represents the total number of samples
predicted as class i .

(vii) The value “6” represents the total number of classes
used in this study.

To obtain an overall precision value across all six classes,
macro precision is calculated by averaging the precision
values of all classes, as expressed in Equation 10:

1
Macro precision = s z; precision, (10)

where:

(i) Macro precision represents the average precision
across all classes.

(ii) precision, represents the precision value for class i.

(iii) i represents the class index, with ; =1,2,3,4,5,6.

(iv) The value “6” represents the total number of classes
used in this study.

Recall refers to the ratio of actual instances of a class
that have been correctly identified *'. Equation 11 provides
a formulation for computing recall for a specific class.

w G
TP+ FN, z“ C

k=Lk=i ik

Recall. = (11)

where:

(i) Recall, represents the recall value for class i.

(ii) 7P represents the number of true positive samples for
class ;.

(iii) FN, represents the number of false negative samples
for class i.

(iv) C, represents the diagonal element of the confusion
matrix, which indicates the number of correctly
classified samples for class i.

(v) C, represents the number of samples from actual
class i that are predicted as class k.

(vi) 3' C, represents the total number of actual samples
belonging to class i .

(vii) The value “6” represents the total number of classes
used in this study.

To obtain an overall recall value across all six classes,
macro recall is calculated by averaging the recall values of
all classes, as expressed in Equation 12:

1
Macrorecall = 3 Z; recall, (12)
where:
(i) Macrorecall represents the average recall across all

classes.
(ii) recall; represents the recall value for class i.
(iii) i represents the class index, with ; =1,2,3,4,5,6.
(iv) The value “6” represents the total number of classes
used in this study.

Equation 13 illustrates the procedure
calculating the Fl-score for each class I
i€ {chickenpox, cowpox, healty, HFMD, measles, mpox} .

for
where

precision; x recall,
X

Fl1,=2 13
precision, + recall, (13)

where:

(v)  F1, represents the F1-score value for class i.

(vi)

(vii) recall, represents the recall value for class i.

(viii) The F1-score is the harmonic mean of precision and
recall, which provides a balanced evaluation of the
model performance for each class.

precision, represents the precision value for class 7.

To derive the average F1-score across the six classes, the
macro Fl-score is calculated as defined in Equation 14:

MacroFlz%ZiFll. (14)

where:

(i) Macro F1 represents the average Fl-score across all
classes.

(ii) F1, represents the F1-score value for class .

(iii) i represents the class index, with j =1,2,3,4,5,6.

(iv) The value “6” represents the total number of classes
used in this study.

Accuracy, as defined in Equation 15, measures the
overall proportion of correctly classified samples, while
macro Fl-score (Equation 14) evaluates the balance
between precision and recall by assigning equal importance
to each class. As a complementary metric, the area under
the receiver operating characteristic curve (ROC-AUC)
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was employed to assess the model’s discriminative ability
across different classification thresholds. For this six-class
problem, the class-wise ROC-AUC was calculated using
the one-versus-rest (OvR) strategy as defined in Equation
15, and the resulting AUC values were averaged to obtain
the macro ROC-AUC using the OVR strategy, as expressed
in Equation 16.

AUC™* = I;TPR, (FPR,)dFPR, (15)

where:

(i) A4UC?* represents the ROC-AUC value for class i
using the OVR strategy.

(ii) TPR, represents the true positive rate for class i.

(iii) FPR, represents the false positive rate for class i.

(iv) 1 represents the class index, with i =1,2,3,4,5,6.

Macro AUC,, , = 1 z; AUC"

O — 6

(16)

where:

(i) MacroAUC,, represents the average ROC-AUC
across all classes using the OVR strategy.

(i) AUC?* represents the ROC-AUC value for class i.

(iii) i represents the class index, with i =1,2,3,4,5,6.

(iv) The value “6” represents the total number of classes
used in this study.

4. Results

4.1.Image dataset

The initial phase entails resizing the complete images,
followed by the application of the data augmentation
procedure. The dimensions for resizing the data are set
to 224 x 224 pixels. The data augmentation procedure
was applied exclusively to the training dataset. In this
investigation, the dataset was partitioned into training,
testing, and validation subsets, comprising 80%, 10%, and
10% of the total data, respectively, as shown in Table 3.

The data augmentation methodology employed
in this study was implemented using Python and the
libraries PyTorch, PyG, timm, sklearn, umap, and
OpenCV. The geometric transformation techniques for
data augmentation were applied using various methods,
including rotation, horizontal and vertical flipping,
cropping, zooming, and shearing. The outcomes of data
augmentation via geometric transformations are presented
in Table 4.

The data augmentation process employing HSV
transformation is presented in Table 4. The parameters

applied during this process include brightness, contrast,
and saturation values ranging from 0.7 to 1.3, while the
hue is adjusted between —30° and 30°. Consequently,
three distinct image datasets were produced, with their
specifications detailed in Table 5.

4.2, Structured data

The subsequent stage is dedicated to feature extraction,
during which the images were transformed into structured
data. This process employed eight CNN-based algorithms,
each using a distinct architecture: EfficientNetB4,
AlexNet, VGG16, ResNet50, DenseNet121, GoogleNetv3/
InceptionV3, MobileNetv2, and LeNet. Each architectural
framework was characterized by a standardized array of
layers, configurations, and parameter values. The resultant
structured data were obtained from the designated target
layer, as presented in Table 6. Furthermore, the number of
features in the resulting structured data is shown in Table
6.

The three datasets previously referenced in Table 5 were
processed using each CNN architecture detailed in Table
6 to extract features, resulting in a total of 24 structured
datasets.

4.3. Model performance

The third phase encompasses the classification process,
which entails examining 24 generated structured datasets
to construct a classification model using two distinct
classification algorithms, specifically GCN and GAT.
However, it is imperative to note that both algorithms
accept only graph-structured inputs. Thus, a graph must
first be generated for each structured dataset.

Table 3. Composition of train, validation, and test data
division

Class Train data Validation data Test data
Chickenpox 60 8 7
Cowpox 53 7 6
Healthy 91 11 12
HFMD 129 16 16
Measles 44 6 5
Mpox 227 28 29
Total 604 76 75

Abbreviation: HFMD: Hand, Foot, and Mouth Disease.
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Table 4. Results of data augmentation on train data

Class Train (original) Train (geometric transformation)  Train (geometric and HSV transformation) Validation Test
Chickenpox 60 250 6,250 8 7
Cowpox 53 250 6,250 7 6
Healthy 91 250 6,250 11 12
HFMD 129 250 6,250 16 16
Measles 44 250 6,250 6 5
Mpox 227 250 6,250 28 29
Total 604 1,500 37,500 76 75

Abbreviations: HFMD: Hand, Foot, and Mouth Disease; HSV: Hue-saturation-value.

Table 5. Three Mpox Skin Lesion Dataset Version 2.0 datasets
used in this research

Dataset code Nl'lmber of Description
images
MSLD v2.0-O 755 Original imbalanced dataset
MSLD v2.0 -G 1651 Dataset.balanced using
geometric augmentation
Dataset balanced using
MSLD v2.0-GC 37,651 geometric and color space

augmentation

Abbreviation: MSLD v2.0: Mpox Skin Lesion Dataset Version 2.0.

Table 6. Target layer and the number of features from each
convolutional neural network architecture

Model Target layer for feature extraction Number of
features
LeNet First fully connected layer 120
AlexNet First fully c-onnected layer (.after 4,096
6x6 adaptive average pooling)

VGG16 Global average Poohng after final 512
convolutional block

GoogleNetV3 Global average Poolmg before 2,048

classifier
ResNet50 Global average pooling/avgpool 2,048
DenseNet121 Global average pooling after final 1,024
dense block

MobileNetV2 Global average Poohng after final 1,280
convolutional block

EfficientNetB4 Global average pooling after final 1,792

MBConv block

To facilitate graph creation, the KNN method was
employed to identify candidate nodes, and cosine
similarity was used both to rank those candidates and to
weight the resulting edges. Rather than fixing the graph
topology in advance, the number of neighbors was varied
over {5, 10, 15, 20}, the similarity percentile filter over
{0, 80, 90}, and the mutual KNN constraint over {False,
True}, so that each structured dataset yielded 24 candidate
graph configurations for every classifier. The most suitable
topology was therefore determined empirically for each
combination rather than imposed uniformly.

Upon establishing the candidate graphs for each
structured dataset, models employing both GCN and
GAT were formulated, along with their corresponding
configurations and parameters, as presented in Table 7.
Every candidate configuration was trained for a maximum
of 300 epochs with early stopping after 50 epochs without
improvement, and the configuration attaining the highest
macro-averaged F1-score on the validation set was retained
as the representative model for that combination.

From the 24 structured datasets generated in the
preceding phase, which serve as inputs for these two
algorithms, a total of 48 models were produced. The
development of GCN and GAT models was conducted
using the training and validation datasets. After identifying
the model that yielded the optimal performance, a final
evaluation was conducted on the test dataset. The outcomes
of this final performance assessment are presented in Table
8.

4.4. Highest models’ performance

The highest-performing models, ranked by macro
F1-score, are presented in Table 9. For the original dataset

Volume X Issue X (2026)

doi: 10.36922/AIH026270075


https://doi.org/10.36922/AIH026270075

Artificial Intelligence in Health

CNN-GNN framework for mpox lesion identification

Table 7. Configuration and parameters for the GCN and GAT algorithms

Component Parameter GCN GAT
Similarity metric Cosine (exact) Cosine (exact)
Neighbor selection Cosine KNN Cosine KNN
Number of neighbors (k) {5, 10, 15, 20} — searched {5, 10, 15, 20} — searched
Similarity percentile filter {0, 80, 90} — searched {0, 80, 90} — searched
Graph construction
Mutual KNN constraint {False, True} — searched {False, True} — searched
Edge weight Cosine similarity Cosine similarity
Edge direction Undirected Undirected
Search space size 24 combinations 24 combinations
Convolution operator GCNConv GATConv
Number of layers 2 2
Hidden dimension 256 16 per head (64 total)
Attention heads — 4 (1 in output layer)
Architecture Activation ReLU ELU
Dropout 0.10 0.05
LayerNorm No No
Residual connection No No
Output dimension 6 (number of classes) 6 (number of classes)
Optimizer Adam Adam
Learning rate 0.001 0.001
Weight decay 1x10° 1x107°
Loss function

Class weighting
Label smoothing
fraining LR scheduler
Maximum epochs
Early-stopping patience
Model selection criterion
Learning setting

Random seed

Rectified linear unit.

Cross-entropy
No
0.0
None
300

50

Best validation F1-macro

Transductive

42

Cross-entropy
No
0.0
None
300
50
Best validation F1-macro

Transductive

42
Abbreviations: ELU: Exponential linear unit; GAT: Graph attention network; GCN: Graph convolutional network; KNN: K-nearest neighbor; ReLU:
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Table 8. Experiment results

Dataset Featuf'e Classification Accuracy Macro F1-score Macro ROC- Ma.c ro Macro recall
extraction AUC OVR precision
EfficientNetB4 76.00 68.91 92.46 69.81 68.57
AlexNet 80.00 76.73 95.74 80.01 75.70
VGG16 84.00 80.24 97.88 82.92 79.17
ResNet50 86.67 80.32 95.74 82.36 79.02
GCN
DenseNet121 84.00 80.44 93.50 91.54 77.02
GoogleNetV3 70.67 62.89 91.26 65.53 62.34
MobileNetV2 82.67 81.04 97.69 80.79 82.34
LeNet 44.00 33.99 74.01 33.47 34.75
MSLD v2.0-O
EfficientNetB4 76.00 65.94 91.18 67.37 67.37
AlexNet 72.00 66.22 92.88 68.33 65.88
VGG16 81.33 77.97 97.47 81.27 75.82
ResNet50 80.00 73.88 95.23 74.87 76.63
GAT
DenseNet121 78.67 74.66 94.28 80.02 71.49
GoogleNetV3 68.00 62.62 88.01 64.41 63.95
MobileNetV2 85.33 84.01 96.59 82.35 86.55
LeNet 42.67 31.77 72.29 34.80 30.81
EfficientNetB4 74.67 68.75 96.99 72.26 67.48
AlexNet 80.00 77.78 95.87 79.82 76.63
VGG16 86.67 86.04 98.03 84.52 87.97
ResNet50 84.00 77.05 97.21 84.82 72.84
GCN
DenseNet121 86.67 82.62 97.01 85.86 81.25
GoogleNetV3 82.67 81.55 95.58 86.46 78.38
MobileNetV2 85.33 85.91 97.61 84.03 89.13
LeNet 26.67 25.94 69.09 27.62 28.62
MSLD v2.0-G
EfficientNetB4 80.00 75.89 95.87 76.37 77.40
AlexNet 69.33 67.23 92.75 65.51 71.58
VGG16 82.67 80.64 98.37 80.28 81.82
ResNet50 82.67 81.37 94.27 79.54 84.06
GAT
DenseNet121 85.33 83.36 97.08 81.50 86.49
GoogleNetV3 72.00 71.16 92.61 73.41 75.58
MobileNetV2 90.67 89.25 98.48 89.28 90.27
LeNet 24.00 24.05 69.66 29.61 26.19
(Contd...)
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Table 8. (Continued)

Dataset Featu}‘e Classification Accuracy Macro F1-score Macro ROC- Ma'c 1:0 Macro recall
extraction AUC OvR precision
EfficientNetB4 80.00 73.69 81.58 91.19 69.65
AlexNet 80.00 79.25 95.90 81.76 79.81
VGG16 92.00* 91.55* 98.81* 93.54* 90.32*
ResNet50 81.33 78.49 90.35 92.76 72.00
GCN
DenseNet121 86.67 85.28 93.37 88.37 83.12
GoogleNetV3 76.00 75.54 92.40 77.95 74.51
MobileNetV2 77.33 77.48 96.14 76.58 82.03
LeNet 30.67 28.17 67.82 29.82 32.22
MSLD v2.0-GC
EfficientNetB4 78.67 69.52 87.30 74.52 67.27
AlexNet 77.33 75.10 95.66 75.05 77.84
VGGl6 88.00 86.78 9491 87.12 86.50
ResNet50 84.00 81.68 94.50 90.97 77.05
GAT
DenseNet121 86.67 84.40 95.46 86.30 83.12
GoogleNetV3 74.67 73.95 89.54 77.12 74.79
MobileNetV2 76.00 76.61 92.55 75.51 81.46
LeNet 34.67 35.40 69.71 37.01 46.73

Note: *The performance value of the best-performing model.
Abbreviations: GAT: Graph attention network; GCN: Graph convolutional network; MSLD v2.0: Mpox Skin Lesion Dataset Version 2.0; OvR: One-
versus-rest; ROC-AUC: Area under the receiver operating characteristic curve.

Table 9. Highest model’s performance

Feature Macro ROC-

Dataset Classification extraction Accuracy Macro Fl1-score AUC OvR Macro precision  Macro recall

GCN MobileNetV2 82.67 81.04 97.69 80.79 82.34
MSLD v2.0-O

GAT MobileNetV2 85.33 84.01 96.59 82.35 86.55

GCN VGGl6 86.67 86.04 98.03 84.52 87.97
MSLD v2.0-G

GAT MobileNetV2 90.67 89.25 98.48 89.28 90.27

GCN VGG16 92.00° 91.55* 98.81° 93.54* 90.32*
MSLD v2.0-GC

GAT VGG16 88.00 86.78 94.91 87.12 86.50

Note: “Represents the performance value of the best-performing model.
Abbreviations: GAT: Graph attention network; GCN: Graph convolutional network; MSLD v2.0: Mpox Skin Lesion Dataset Version 2.0; OvR: One-
versus-rest; ROC-AUC: Area under the receiver operating characteristic curve.
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(MSLD v2.0-0O), the best GCN and GAT configurations
both used MobileNetV2 as the feature extractor, achieving
macro Fl-scores of 81.04% and 84.01%, respectively. For
the geometrically augmented dataset (MSLD v2.0-G),
the best GCN model used VGG16 and achieved a macro
Fl-score of 86.04%, whereas the best GAT model used
MobileNetV2 and achieved a macro Fl-score of 89.25%.
The overall best-performing configuration was obtained
on the MSLD v2.0-GC dataset using GCN with VGG16
feature extraction, achieving an accuracy of 92.00%, a
macro Fl-score of 91.55%, a macro ROC-AUC OvR of
98.81%, a macro precision of 93.54%, and a macro recall
0f 90.32%.

For the best models using the MSLD v2.0-O dataset,
Figures 6-11 present the confusion matrices for the models
employing the MobileNetV2 feature extractor with GCN

and GAT.

5. Discussion

5.1. Comparison of GCN and GAT performance

The confusion matrices of the best-performing GAT and

GCN models are presented in Table 9. As shown in Table
9, the GAT model using MobileNetV2 on the MSLD
v2.0-G dataset achieved an accuracy of 90.67% and a
macro Fl-score of 89.25%. The model correctly classified
all Cowpox and Measles samples and most HFMD and
Mpox cases, although several Chickenpox samples were
misclassified as Mpox, with a small number of Healthy
and Mpox samples also confused with other classes. In
comparison, the GCN model using VGG16 on the MSLD
v2.0-GC dataset achieved higher overall performance, with
an accuracy of 92.00% and a macro Fl-score of 91.55%.
This model perfectly classified Cowpox, HFMD, and
Measles samples, while the remaining errors were mainly
concentrated in Chickenpox and Mpox. Overall, the GCN-
VGGL16 configuration produced fewer misclassifications
and a more consistent class-wise prediction pattern,
indicating a stronger ability to distinguish visually similar
skin lesion categories.

According to Figure 12, the GCN generally
demonstrated better average performance than the GAT
across the experimental configurations. GCN achieved an
average macro F1-score of 72.49% compared with 70.56%

Figure 6. Confusion matrix of the model with MSLD v2.0-O, MobileNetV2, and a graph convolutional network
Abbreviation: HFMD: Hand, Foot, and Mouth Disease.
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Figure 7. Confusion matrix of the model with MSLD v2.0-O, MobileNetV2, and graph attention network
Abbreviation: HFMD: Hand, Foot, and Mouth Disease.

Figure 8. Confusion matrix of the model with MSLD v2.0-G, VGG16, and graph convolutional network
Abbreviation: HFMD: Hand, Foot, and Mouth Disease.
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Figure 9. Confusion matrix of the model with MSLD v2.0-G, MobileNetV2, and graph attention network
Abbreviation: HFMD: Hand, Foot, and Mouth Disease.

Figure 10. Confusion matrix of the model with MSLD v2.0-GC, VGG16, and graph convolutional network
Abbreviation: HFMD: Hand, Foot, and Mouth Disease.
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Figure 11. Confusion matrix of the model with MSLD v2.0-GC, VGG16, and graph attention network
Abbreviation: HFMD: Hand, Foot, and Mouth Disease.

for GAT. In addition, GCN obtained a slightly higher
average macro ROC-AUC OvVR of 91.75%, whereas GAT
achieved 91.11%. These results indicate that GCN tended to
provide better overall class-wise classification performance
and slightly stronger discriminative ability across different
decision thresholds.

A similar pattern was observed for macro precision,
where GCN achieved an average value of 75.99%,
compared with 72.19% for GAT, indicating that GCN
produced fewer false-positive predictions across the six
classes on average. In contrast, macro recall was nearly
identical between the two classifiers, with GAT obtaining
71.94% and GCN 71.87%. This small difference suggests
that both graph-based classifiers had comparable abilities
to identify samples belonging to each class, although GCN
provided a better balance between precision and recall, as
reflected by its higher macro F1-score.

To determine whether these performance differences
were statistically significant, an unpaired ¢-test was
conducted between the 24 GCN and 24 GAT model results.
No statistically significant differences were observed for
macro Fl-score (f = 0.383, p = 0.703), macro ROC-AUC
OvVR (t = 0.253, p = 0.801), macro precision (t = 0.743, p =
0.461), and macro recall (t = —0.015, p = 0.988). Since all

p-values were greater than 0.05, the observed advantage of
GCN should be interpreted as an empirical performance
trend rather than evidence of statistically significant
superiority over GAT.

From a methodological perspective, the observed
tendency toward better GCN performance may be
attributed to its more stable information aggregation
mechanisms. The GCN updates the representation of
individual nodes by aggregating information from adjacent
nodes, using a graph structure derived from the similarity
of features extracted by CNNs. This mechanism facilitates
the transmission of information among images that
exhibit analogous visual characteristics, thereby making
node representations more informative for classification.'
This methodology is particularly suitable for skin lesion
imagery, given that certain classes within the MSLD v2.0
exhibit visual patterns that closely resemble one another.

Conversely, the GAT employs an attention mechanism
to allocate different weights to each neighboring node.
This mechanism is theoretically more adaptable, as the
model can determine which neighboring nodes are most
relevant for representation updates. However, in datasets
characterized by limited sample sizes and unbalanced
class distributions, the attention weights may become
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increasingly sensitive to feature variation and noise.*
This scenario can result in a less stable learning process
for GAT than for GCN. Therefore, while GAT possesses
adaptive capabilities for selecting relevant neighboring
information, the findings of these experiments suggest
that GCN may provide more stable utilization of graph-
structured information for classifying skin lesion images
within the MSLD v2.0 dataset.

5.2. Performance of different convolutional neural
network-based feature extractors

Based on Figure 13, VGG16 demonstrated the strongest
overall performance among the eight CNN-based feature
extraction methods, achieving the highest average
macro Fl-score of 83.87% and the highest macro ROC-
AUC OvVR of 97.58%, followed by MobileNetV2 (macro
Fl-score = 82.38%) and DenseNetl21 (macro Fl-score
= 81.79%). The performance pattern varied across the
other macro-averaged metrics. DenseNetl21 achieved
the highest average macro precision of 85.60%, indicating
higher precision in its class-wise predictions, whereas
MobileNetV2 achieved the highest macro recall of 85.30%,
indicating stronger sensitivity in identifying samples from
each diagnostic class. VGG16 maintained a comparatively
balanced performance, with a macro precision of 84.94%
and a macro recall of 83.60%, which contributed to its
highest overall macro F1-score.

Figure 13 presents the average performance comparison
of various CNN-based feature extraction architectures
across all experimental configurations. Although the figure
illustrates variations in performance among the eight CNN
architectures, these differences represent descriptive trends
based on averaged results and cannot directly determine
statistical significance. Therefore, a one-way ANOVA was
conducted to statistically evaluate whether the observed
performance variations among the feature extraction
architectures were significant.

To determine whether the differences among the
eight feature extraction architectures were statistically
significant, a one-way ANOVA was conducted. Significant
differences were observed for macro F1-score (F = 76.342,
p <0.001), macro ROC-AUC OVR (F = 59.833, p < 0.001),
macro precision (F = 47.707, p < 0.001), and macro recall
(F = 56.695, p < 0.001). These findings indicate that the
CNN architecture used for feature extraction had a
significant effect on the downstream GCN- and GAT-
based classification performance.

The strong performance of VGGI16, DenseNetl2l,
and MobileNetV2 can be associated with their ability to
generate discriminative hierarchical feature representations
from medical images. VGG16 progressively learns low- to

high-level visual patterns through repeated convolution
and pooling operations, allowing it to capture lesion
texture, boundaries, shape, and spatial appearance.
DenseNet121 employs dense inter-layer connectivity that
promotes feature reuse and facilitates information flow
across the network, thereby helping preserve subtle visual
characteristics. MobileNetV2, despite being designed
as a lightweight architecture, uses depth-wise separable
convolutions and inverted residual blocks that can retain
informative feature representations while reducing
computational complexity. Recent studies on skin-lesion
classification have also demonstrated the effectiveness of
VGG16 and DenseNet121 as transfer-learning backbones,
while MobileNetV2 has shown strong performance in
automated skin-disease classification.

These architectural characteristics are particularly
relevant to mpox lesion classification because mpox and
several visually similar dermatological conditions may
share overlapping characteristics, while differing only
in relatively subtle visual cues such as texture, lesion
boundaries, morphology, color distribution, and local
spatial patterns. In this context, VGG16 may benefit from its
progressive hierarchical feature extraction, DenseNet121
from the preservation and reuse of earlier features,
and MobileNetV2 from compact but discriminative
representations. The complementary strengths of these
architectures may therefore explain why they produced
the most effective CNN-derived node representations
for subsequent GCN and GAT processing in this
study. This interpretation is also consistent with recent
dermatological-image studies in which DenseNetl21,
VGG16, and MobileNet-based architectures achieved
competitive classification performance.®

In contrast, LeNet exhibited the lowest performance, with
an average macro F1-score of only 29.89%, a macro ROC-
AUC OvR of 70.43%, a macro precision of 32.06%, and a
macrorecall of 33.22%. This comparatively poor performance
may be associated with the limited representational capacity
of the classical LeNet architecture. LeNet has a relatively
shallow structure with fewer convolutional and feature-
transformation stages than modern CNN architectures,
which may restrict its ability to learn sufficiently rich
hierarchical representations for complex medical images.
Recent studies have emphasized that effective medical
and dermatological image classification requires feature
representations capable of capturing subtle variations
in texture, lesion boundaries, morphology, and spatial
patterns.*** Consequently, the shallow feature hierarchy
of LeNet may be insufficient for representing the complex
visual characteristics of 224 x 224 mpox and other skin-
lesion images. Therefore, its poor performance in this study
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should be interpreted as a limitation of the classical LeNet than as evidence that shallow neural networks are inherently
architecture for this particular feature-extraction task rather unsuitable for image classification.*

Figure 12. Average performance comparison between GCN and GAT
Abbreviations: GAT: Graph attention network; GCN: Graph convolutional network; OvR: One-versus-rest; ROC-AUC: Area under the receiver operating
characteristic curve.

Figure 13. Average performance comparison between various CNN-based feature extraction methods
Abbreviations: OvR: One-versus-rest; ROC-AUC: Area under the receiver operating characteristic curve.
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5.3. Effect of data balancing and augmentation

The confusion matrices illustrate the class-wise
classification performance of the best-performing GCN
and GAT configurations across the original and balanced
datasets. On the original imbalanced MSLD v2.0-O
dataset, both models showed relatively good recognition of
the majority and better-represented classes but exhibited
errors across several classes. The GCN-MobileNetV2
model correctly classified 4 out of 7 Chickenpox samples,
5 out of 6 Cowpox samples, 14 out of 16 HFMD samples,
10 out of 12 Healthy samples, all 5 Measles samples, and
24 out of 29 Mpox samples. The GAT-MobileNetV2
model performed better than GCN for Chickenpox and
Cowpox, correctly classifying 6 out of 7 and all 6 samples,
respectively. However, misclassifications remained for
HEMD, Healthy, Measles, and Mpox, with two HFMD, two
Healthy, one Measles, and five Mpox samples incorrectly
classified.

Following geometric balancing in MSLD v2.0-G,
the best-performing GAT-MobileNetV2 model showed
improved recognition of several classes, particularly
HEMD and Mpox, correctly classifying 15 out of 16 HFMD
samples and 27 out of 29 Mpox samples. Recognition
of Cowpox and Measles was also maintained at 100%,
while Chickenpox remained more challenging, with 5
out of 7 samples correctly classified. After applying the
combined geometric and HSV/color balancing strategy
in MSLD v2.0-GC, the best-performing GCN-VGG16
model further improved class-wise recognition, correctly
classifying all Cowpox, HFMD, and Measles samples,
as well as 11 out of 12 Healthy samples and 27 out of 29
Mpox samples. However, Chickenpox remained the most
challenging class, with only 4 out of 7 samples correctly
classified, including three misclassified as Mpox.

Opverall, balancing the training data was associated with
improved recognition, particularly for HFMD, Cowpox,
and Mpox, and reduced errors across several minority
classes, although visual confusion between Chickenpox and
Mpox remained evident. These class-wise improvements
are also reflected in the aggregated performance across all
CNN-GNN configurations, as summarized in Figure 14.

Consistent with the class-wise patterns observed in
the confusion matrices, Figure 14 illustrates the average
classification performance obtained across the three
dataset configurations. The original imbalanced dataset,
MSLD v2.0-0O, produced the lowest average macro F1-score
(68.85%) and macro recall (68.59%). After class balancing
using geometric augmentation, MSLD v2.0-G increased the
macro F1-score to 72.41% and macro recall to 73.48%. The
combination of geometric and HSV/color augmentation
in MSLD v2.0-GC produced the highest average macro

F1-score (73.31%), macro precision (77.22%), and macro
recall (73.65%). These findings indicate that balancing
the class distribution through augmentation generally
improved the observed classification performance,
particularly in terms of macro F1-score, macro precision,
and macro recall, compared with the original imbalanced
dataset.

The effect of augmentation differed across the
evaluation metrics. MSLD v2.0-G achieved the highest
macro ROC-AUC OvR of 92.91%, compared with 91.64%
for MSLD v2.0-O and 89.75% for MSLD v2.0-GC. Thus,
although the additional color space transformations
were associated with higher average macro F1-score
and macro precision, they did not further improve the
overall class-discrimination ability measured by ROC-
AUC. This finding suggests that geometric augmentation
alone provided stronger separability across classification
thresholds than the combined geometric and color space
strategy, whereas the combined strategy tended to improve
the balance between precision and recall.

Figure 14 presents the average performance
comparison of the models across the three dataset
configurations, namely MSLD v2.0-O, MSLD v2.0-G,
and MSLD v2.0-GC. Although the figure illustrates
performance variations among the three datasets,
these differences represent descriptive trends based on
averaged results and cannot directly determine statistical
significance. Therefore, paired t-tests were conducted
using the individual model performance values across the
same CNN-GNN configurations to evaluate whether the
observed improvements were statistically significant.

Paired t-tests across the same CNN-GNN
configurations showed that the increase in macro F1-score
from MSLD v2.0-O to MSLD v2.0-G was close to, but did
not reach, statistical significance (t = -2.110, p = 0.052).
In contrast, the difference between MSLD v2.0-O and
MSLD v2.0-GC was statistically significant (t = —2.830, p
= 0.013). No significant difference in macro F1-score was
observed between MSLD v2.0-G and MSLD v2.0-GC (t =
-0.564, p = 0.581). These findings indicate that balancing
the original dataset through augmentation was associated
with improved macro F1-score, with statistical significance
observed for the combined geometric and HSV/color
augmentation strategy but not for geometric augmentation
alone.

A similar pattern was observed for macro recall and
macro precision. Macro recall increased significantly
from MSLD v2.0-O to both MSLD v2.0-G (p = 0.012) and
MSLD v2.0-GC (p = 0.012), supporting the effectiveness
of class balancing in improving recognition across the six
classes. Macro precision was significantly higher for MSLD
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Figure 14. Average performance comparison by dataset: original (MSLD v2.0-O) and datasets from the data augmentation process (MSLD v2.0-G and

MSLD v2.0-GC)

Abbreviations: MSLD v2.0: Mpox Skin Lesion Dataset 2.0; OvR: One-versus-rest; ROC-AUC: Area under the receiver operating characteristic curve.

v2.0-GC than for MSLD v2.0-O (p = 0.009), whereas the
difference between MSLD v2.0-G and MSLD v2.0-GC was
not statistically significant (p = 0.117). For macro ROC-
AUC OvR, MSLD v2.0-G significantly outperformed
MSLD v2.0-GC (p = 0.012), indicating that the additional
color space transformations did not consistently improve
discrimination across decision thresholds.

Taken together, these results suggest that geometric
augmentation was particularly beneficial for class
separability, whereas the combination of geometric and
color space augmentation provided the strongest balance
among macro F1-score, macro precision, and macro recall.

5.4. Comparison of performance between existing
research

Table 10 compares the performance of the proposed model
with previous studies that employed the MSLD v2.0 dataset
for mpox classification. Since the previous studies primarily
reported F1-score, the comparison in this section focuses on
Fl1-based performance. The best-performing model in the
present study was the GCN-VGGI16 configuration using
the MSLD v2.0-GC dataset, achieving a macro F1-score of
91.55%. The best GAT configuration, using MobileNetV2
features on the geometrically balanced MSLD v2.0-G
dataset, achieved a macro F1-score of 89.25%.

Compared with previously reported deep-learning

approaches, the best GCN model achieved a numerically
higher reported Fl-score than several existing
configurations. Vuran et al."' reported F1-scores of 93.58%
for Swin Transformer, 92.75% for ViT, 89.89% for DINO,
and 84.29% for MAE. Therefore, the proposed GCN model
achieved a higher reported F1-score than DINO and MAE
but a lower reported Fl-score than Swin Transformer
and ViT. In the study by Pal et al."%, a ViT-based approach
using geometric and HSV augmentation achieved an
Fl1-score of 92.97%, which was slightly higher than the
91.55% obtained by the proposed model. In the study by
Huan et al.">, MSMP-Net achieved an F1-score of 90.24%,
while Aboshosha et al.'® reported an Fl-score of 83.30%
for a weighted ensemble. Thus, the proposed GCN model
achieved a higher reported F1-score than both MSMP-Net
and the weighted ensemble approach.

A similar comparison can be made with the transfer-
learning configurations reported in the study by Ali et
al'* The ImageNet-pretrained models achieved F1-scores
ranging from 77% to 86%, with DenseNetl121 providing
the highest value of 86%, while the HAM10000-pretrained
models achieved Fl-scores ranging from 70% to 88%,
with DenseNetl21 again providing the highest value of
88%. The proposed GCN model, with a macro F1-score of
91.55%, therefore had a higher reported F1-score than all
configurations reported in the study by Ali et al.™*
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Table 10. Performance comparison of the proposed models with existing studies

Method
Reference Year F1-score
Data augmentation Feature extraction Classification
Swin Transformer 93.58
ViT 92.75
11 2025 - -
DINO 89.89
MAE 84.29
W-Random Forest 90.81
W-L-SVM 95.92
Geometric W-LightGBM 95.1
12 2026 p ) CNN
transformation ‘W-Extra Trees 93.25
W-XGBoost 93.01
LDSCNN-ABBLM 98.28
13 2025 Geomeric and HSY - ViT 92.97
transformation
IMAGENET + VGG16 77
IMAGENET + ResNet50 82
IMAGENET + DenseNet121 86
IMAGENET + 80
MobileNetV2
IMAGENET + 78
EfficientNetB3
IMAGENET + InceptionV3 77
Geometric and HSV IMAGENET + Xception 80
14 2024 . -
transformation
HAM10000 + VGG16 70
HAM10000 + ResNet50 79
HAM10000 + DenseNet121 88
HAM10000 + MobileNetV2 82
HAM10000 + 87
EfficientNetB3
HAM10000 + InceptionV3 80
HAM10000 + Xception 81
15 2024 Geometric and. HSV 3 MSMP-Net 90.24
transformation
(Contd...)
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Table 10. (Continued)

Method
Reference Year F1-score
Data augmentation Feature extraction Classification
Weighted Ensemble 83.3
ConvNeXt-Tiny 81.6
MobileNetV3-Large 80.5
ViT-B/16 80.2
Geometric
19 ; _
transformation
DenseNet-121 80.0
2026
ResNet-50 79.5
EfficientNet-BO 77.4
EfficienNetV2-S 75.7
Geometric
transformation with MobileNetV2 GAT 89.25
Present balancing data
study Geometric and HSV
transformation with VGG16 GCN 91.55

balancing data

Abbreviations: CNN: Convolutional neural network; GAT: Graph attention network; GCN: Graph convolutional network; HSV: Hue-saturation-value.

For machine-learning approaches using CNN-derived
features, Gabriel et al'? reported Fl-scores of 90.81%
for weighted random forest, 95.92% for weighted linear
support vector machine, 95.10% for weighted LightGBM,
93.25% for weighted Extra Trees, and 93.01% for weighted
XGBoost. The LDSCNN-ABBLM framework in the same
study achieved the highest reported Fl-score of 98.28%.
Accordingly, the proposed GCN model had a higher
reported F1-score than weighted random forest but lower
reported Fl-scores than weighted linear support vector
machine, weighted LightGBM, weighted Extra Trees,
weighted XGBoost,and LDSCNN-ABBLM. The difference
between LDSCNN-ABBLM and the best model in the
present study was approximately 6.73 percentage points.

Although these comparisons indicate that the proposed
graph-based framework is competitive with several existing
approaches, they should be interpreted cautiously because
the studies may differ in data partitioning, augmentation
procedures, preprocessing strategies, model configurations,

and evaluation protocols. In addition, the present study
reports macro Fl-score, whereas the averaging strategy
used for the F1-score was not consistently specified across
all previous studies. The main contribution of this study
lies not only in its predictive performance, but also in
the systematic integration of explicit class balancing,
multiple CNN feature extractors, and GCN/GAT-based
relational classification within a unified multi-class mpox
identification framework.

5.5. Limitations

This study has several limitations that should be considered
when interpreting the findings. First, the experiments were
conducted on a single data source (MSLD v2.0) with a
relatively limited number of images; therefore, the model’s
generalizability across different populations, acquisition
devices, and clinical settings remains uncertain. Second,
the primary evaluation used a transductive graph learning
setup, which may yield more optimistic performance
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than real-world deployment scenarios where truly unseen
samples must be handled. Third, the evaluation relied on
a single 80:10:10 ratio split with a fixed seed; thus, the
stability and robustness of the performance across different
data partitions have not been comprehensively assessed.

In addition, methodological limitations remain at the
model level. Although GAT is theoretically more adaptive
due to its attention mechanism, it did not consistently
outperform GCN in this study. Furthermore, the best
GCN and GAT results still did not consistently exceed
the performance reported by all prior studies across all
metrics, indicating that there is still room for improvement.
This study also did not incorporate explainable AI (XAI);
thus, the model’s predictions cannot yet be interpreted
transparently in a clinical decision-support context. Future
work should prioritize multi-source external validation,
stricter ~ inductive evaluation protocols, repeated
experiments, and XAI integration to improve model
reliability and practical applicability.

6. Conclusions

This study proposed and evaluated a graph-based multi-
class mpox lesion identification framework that integrates
class-balanced augmentation, CNN feature extraction, and
graph neural classification on MSLD v2.0. Across the three
dataset settings (MSLD v2.0-O, MSLD v2.0-G, and MSLD
v2.0-GC), the results show that balancing the data through
geometric and geometric plus HSV/color augmentation was
associated with improved overall macro-level performance
compared with the original imbalanced setting. Among all
evaluated combinations, the best result was obtained by
GCN with VGG16 features on MSLD v2.0-GC, achieving
92.00% accuracy and 91.55% macro Fl-score, with a
strong balance between macro precision and recall. The
best GAT result was achieved by MobileNetV2 on MSLD
v2.0-G with 89.25% macro F1-score. Overall, GCN showed
a more consistent empirical trend than GAT in this study,
although the difference was not statistically significant.

These findings indicate that combining balanced
augmentation with relational learning over CNN-
derived features is a promising strategy for mpox lesion
classification, particularly for handling class imbalance and
inter-classvisual similarity. However, this conclusion should
be interpreted within the current experimental scope. The
study was conducted on a single relatively small dataset,
primarily under a transductive graph-learning setup, and
evaluated using a single split with a fixed seed; therefore,
broader generalizability and performance stability are not
yet fully established. In addition, the observed performance
of GAT did not consistently demonstrate an advantage
over GCN, and the best results do not universally surpass

all prior studies across all metrics. The absence of XAI
analysis also limits clinical interpretability. Future work
should focus on multi-source external validation, stricter
inductive and patient-level evaluation protocols, repeated
runs for robustness estimation, more extensive graph-
construction and hyperparameter optimization, and
XAI integration to improve transparency, reliability, and
practical readiness for real clinical deployment.
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