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ABSTRACT

Background: Melanoma is the most aggressive form of skin cancer and is associated with
high mortality when not diagnosed at an early stage. Recent advances in dermatoscopic image
analysis combined with artificial intelligence have demonstrated considerable potential for
improving diagnostic accuracy. ConvMixer, a hybrid deep learning architecture that integrates
convolutional neural networks with a mixer-style design, has recently emerged as a powerful
model for image classification tasks. This study aimed to evaluate the effectiveness of the
ConvMixer model for automated melanoma detection using dermatoscopic images.

Methods: Dermatoscopic images were collected from two publicly available datasets: The
International Skin Imaging Collaboration (ISIC) and the Public Health (PH2) database. The ISIC
dataset comprised 31,696 benign lesions and 7,319 malignant melanoma images, which were
divided into training (80%), validation (10%), and test (10%) sets. The PH2 dataset, consisting of
40 melanoma and 160 melanocytic nevi images, was used exclusively for external testing. Image
preprocessing, normalization, and data augmentation were performed prior to model training.
Model performance was assessed using sensitivity, specificity, accuracy, F1 score, and the area
under the receiver operating characteristic curve (AUC).

Results: The ConvMixer model demonstrated strong discriminative ability between malignant
and benign skin lesions across both datasets. On the ISIC dataset, the model achieved a sensitivity
of 0.9126, specificity of 0.6683, and accuracy of 0.7142. On the PH2 dataset, higher specificity
(0.95) and accuracy (0.905) were observed, along with a sensitivity of 0.725. High AUC values
further confirmed robust classification performance and generalizability across datasets with
differing characteristics.

Conclusion: The ConvMixer model shows strong potential as an effective Al-assisted tool for
melanoma detection from dermatoscopic images. Its consistent performance on both large-scale
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Highlights
e ConvMixer achieved high performance in melanoma detection on both ISIC and PH2 datasets.
e Sensitivity reached 0.91 on the ISIC dataset, indicating strong capability in identifying melanoma cases.
e Testing on the PH2 dataset showed high specificity (0.95) and overall accuracy (0.91).

® Robust AUC values confirmed reliable discrimination between malignant and benign skin lesions.

Plain Language Summary

Skin cancer is one of the most common cancers worldwide, and melanoma is its deadliest form. Because melanoma
can spread rapidly, detecting it as early as possible is crucial. When identified in its early stages, treatment is often
highly successful. However, diagnosing melanoma requires expert knowledge and careful examination, and access to
experienced dermatologists may be limited in some settings. For this reason, computer-based tools that assist doctors in
identifying suspicious skin lesions are becoming increasingly important. In this study, we investigated whether a modern
artificial intelligence (Al) system called ConvMixer could accurately recognize melanoma in skin images. The Al model
was trained using thousands of dermatoscopic images—special magnified photographs of skin lesions—from a large
international database known as ISIC. To evaluate how well the system performs under different conditions, we also
tested it on a smaller but well-controlled dataset called PH2. The Al learned to distinguish between dangerous melanoma
and harmless skin moles by analyzing visual patterns such as shape, color, and texture. The results showed that the system
could detect melanoma with good overall accuracy. It performed particularly well in identifying melanoma cases within
the large and diverse ISIC dataset, while also showing strong ability to correctly rule out harmless lesions in the smaller
PH2 dataset. These findings suggest that the Al system works reliably across different types of image data. This research
is important because Al tools like ConvMixer could support doctors in making faster and more accurate decisions,
especially in areas where access to dermatology specialists is limited. While Al cannot replace medical professionals,
it can act as a valuable assistant, helping improve early melanoma detection and ultimately saving lives through earlier
treatment.

the quality of life. Increased exposure to sunlight during
military service without adequate protection is a leading
cause of higher rates of both melanoma and non-melano-
ma skin cancers among soldiers compared to the general
population [3].

Introduction

elanoma, a deadly skin cancer, is on the
rise globally. Early detection signifi-
cantly increases survival rates, nearly
guaranteeing a 100% survival rate if
identified in its initial stages. Soldiers,
often exposed to higher levels of sun-

Early diagnosis and appropriate treatment are crucial in
cancer care, significantly impacting patient survival and

light, exhibit increased incidence rates of skin cancer [1].
Globally, there were approximately 19.3 million new
cancer cases (18.1 million excluding non-melanoma
skin cancers) and nearly 10 million cancer-related deaths
(9.9 million excluding non-melanoma skin cancers) re-
ported in 2020 [2].

Malignant melanoma, the most aggressive form of skin
cancer, is notably lethal. In Iran, skin cancer is the most
prevalent form of cancer, and its incidence is on the rise.
Currently, cancer is a primary health issue both in Iran
and globally, and it also stands as a priority in research
agendas, focusing on the impact of common diseases on

recovery rates. Image processing, as a decision-making
tool, aids physicians in early cancer detection. These
high-speed, non-invasive image processing mechanisms
accelerate the identification of cancer cells, ultimately
improving cancer patients’ survival chances. Melanoma,
a deadly cancer type, has seen an increasing incidence
worldwide. Soldiers are particularly susceptible to skin
cancer due to higher exposure to sunlight during their
service [1].

Malignant melanoma accounts for about 1% of all ma-
lignant skin tumors. The stage of melanoma progression,
like other cancers, predicts treatment success. Patients
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with early-stage melanomas (thin tumors) have a 97%
five-year survival rate after surgical removal. In contrast,
patients with advanced melanoma that has metastasized
to regional lymph nodes or other organs have a less than
10% five-year survival rate. Patients with any other sys-
temic metastases have the worst prognosis, with a one-
year survival rate of 41% [4]. Therefore, the approaches
used so far for melanoma treatment depend on the can-
cer stage and include surgery, radiotherapy, and immu-
notherapy [5]. Skin melanoma predominantly occurs
in individuals with fair skin phenotypes, particularly in
geographic areas with intense sun exposure. In the Unit-
ed States, over 98% of cases are reported in Caucasian
individuals [6].

In the past decade, there has been significant progress in
artificial intelligence (Al) research and publications. Stud-
ies have shown that convolutional neural network (CNN)
algorithms can classify skin lesions from dermatoscopic
images with superior or at least equivalent performance
compared to physicians. Although Al algorithms have
shown very promising results for skin cancer diagnosis in
reader studies, their generalizability and applicability in
everyday clinical practice remain unclear [7].

Recent advancements in Al in dermatology have shown
potential for enhancing the accuracy of skin cancer diag-
nosis. These capabilities could strengthen current diag-
nostic processes and improve skin cancer management
approaches. A clearer understanding of this technology
may alleviate physicians’ concerns about Al and pro-
mote its use in clinical settings. Ultimately, the devel-
opment and validation of Al technologies, regulatory
approval, and widespread acceptance by dermatologists
and other physicians may enhance patient care. Skin
cancer diagnosis using technology holds the potential to
improve the quality of life, reduce healthcare costs by
minimizing unnecessary procedures, and provide greater
access to high-quality skin assessments. Dermatologists
play a crucial role in the development and application of
Al capabilities in skin cancer management [8].

The primary advantage of CNNs over their prede-
cessors lies in their ability to autonomously identify
relevant features without human supervision [9]. The
architecture of CNNs is inspired by the neuronal struc-
tures in the brains of humans and animals. Specifically,
a complex sequence of cells in the visual cortex of
cats is emulated by CNNs. This sequence is replicated
in CNNs, capturing the intricate processing of visual
stimuli that occur naturally in the brain, thereby en-
hancing the networks’ ability to recognize and analyze
complex patterns in data [10].
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Background and literature review

Various studies have been conducted to diagnose
melanoma and categorize images of skin lesions. In re-
search by Jain et al. in 2015, a method was proposed for
melanoma skin cancer detection using image processing
tools. The system input is a skin lesion image, followed
by the application of advanced image processing tech-
niques for analyzing the presence of skin cancer. The
tools dissect the lesion image to examine various mela-
noma parameters, like asymmetry, border, color, diam-
eter, etc. by analyzing texture, size, and shape for image
segmentation and feature characterization. The extracted
feature parameters are then used to classify the image as
either normal skin or a melanoma lesion [11].

In 2016, Pennisi et al. introduced a melanoma image
segmentation method based on Delaunay triangulation.
They applied this method to skin lesion images, achiev-
ing a final diagnostic accuracy of 93.5% [1]. In the same
year, Kanimozhi et al. proposed an approach using ar-
tificial neural networks for skin cancer detection. This
method utilized asymmetry, border, color, and diameter
features for enhanced analysis of cancer images. The re-
sults indicated an impressive 97% accuracy rate in neu-
ral network training [12].

In 2018, Heller et al. proposed a method for mela-
noma detection based on morphological features. This
approach set up a computer-aided diagnostic system for
skin cancer detection [13]. Another study by Tan et al.
in 2019 suggested an intelligent decision-making system
for skin cancer diagnosis. Recognizing the significance
of an effective pattern of lesions as a key step in ensuring
successful classification, various features, such as asym-
metry and irregularity around the lesion were considered
for categorization. Subsequently, two enhanced particle
swarm optimization (PSO) models were proposed for
optimizing these features [14].

In 2019, Alickovic developed a model for breast cancer
detection and classification of cancerous masses using
a neural network. The empirical results of this research
assessed the method’s accuracy at 99% [15]. Singh, in
2020, proposed the use of a newly devised generative
adversarial network (GAN) for breast tumor classifi-
cation by identifying the region of interest (ROI) in a
mammogram. The proposed method showed an accura-
cy of 80%, outperforming previous techniques. Various
feature extraction methods are commonly employed for
better classification of abnormalities in mammograms
[16]. In a study by Chanda and Sarkar in 2020, a feature
extraction technique utilizing multiple statistical param-
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eters, including entropy, mean, regression, correlation,
and standard deviation, was presented to detect the pres-
ence of masses in images [17].

In 2020, Zhang et al. introduced a novel image process-
ing method for early detection of skin cancer. This ap-
proach utilized an optimized CNN, which was enhanced
using a whale optimization algorithm. To evaluate the
proposed method, it was compared with several existing
techniques. The simulation results indicated that the pro-
posed approach outperformed the compared methods,
showecasing its effectiveness in early skin cancer detec-
tion [18].

In the research conducted by Erfani in 2018, a deep
learning-based method for classifying skin cancer im-
ages was introduced. This method employed a CNN to
learn the features of the images. The study also tested the
proposed approach using the Public Health (PH2) data-
base [19], which contains 200 images categorized into
normal, atypical, and melanoma classes. The results ob-
tained from this evaluation confirmed the effectiveness
of the proposed method in accurately classifying skin
cancer images [20].

Abhishek et al. highlighted the need for Al research in
dermatology to access clinical data and photographic im-
agery of various skin types. They emphasized that data
should be produced through international collaboration
in skin imaging to facilitate accurate research [21]. Mar-
torell et al. believed that advancements in Al technolo-
gies should be pioneering, safe, and based on the gener-
osity of the dermatology community. They stressed the
necessity of publicly accessible databases with extensive
images and clinical information to enhance the reliability
of these systems [22].

Mahmood et al. stated that Al in dermatology will con-
tinue evolving by focusing on improving the diagnostic
accuracy of machine learning models, determining the
use of predictive models through prospective trials, and
developing smartphone applications to optimize virtual
healthcare [23]. Gumolin et al. emphasized the need for
more clinical trials providing evidence of clinical effec-
tiveness while successfully overcoming identified bar-
riers. With these research objectives in mind, a suitable
role for Al in dermatology may be realized [24].

Materials and Methods

This section elucidates the methodology employed in
leveraging the ConvMixer model for melanoma detec-
tion. The study utilized two primary datasets: The In-
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ternational Skin Imaging Collaboration (ISIC) and the
PH2 databases, which are comprehensive collections of
dermatoscopic images. These datasets were chosen for
their diversity and relevance in skin lesion classification
research.

In this study, the ISIC database served as a primary
source for dermatoscopic images. We employed a tar-
geted approach to gather images, categorizing them into
benign (including melanocytic nevi) and malignant (in-
cluding melanoma) classes. The benign category com-
prised a vast collection of 31,696 images, while the ma-
lignant category included 7,319 images. These images
underwent rigorous preprocessing to ensure data quality
and consistency for model training.

The dataset division was strategically executed, allo-
cating 80% of the images to the training set and evenly
splitting the remaining 20% into validation and test sets,
accounting for 10% each. This split was designed to opti-
mize the model’s learning while providing a robust frame-
work for its validation and performance evaluation.

Additionally, the PH2 dataset, known for its well-cu-
rated collection of dermatoscopic images, was utilized
exclusively for testing purposes. It included 40 images
classified as melanoma and 160 images as melanocytic
nevi. The inclusion of this dataset aimed to provide a
comprehensive assessment of the model’s diagnostic ca-
pabilities and to validate its performance across diverse
image collections.

The ConvMixer model, a novel deep learning archi-
tecture, was employed for its advanced capabilities
in image processing and classification. Prior to model
training, extensive preprocessing of the datasets was
conducted, including normalization and data augmenta-
tion, to enhance the quality of inputs and improve train-
ing efficiency.

Model training involved optimally setting hyperpa-
rameters to ensure a balance between learning rate and
regularization to prevent overfitting. The training pro-
cess was iteratively refined, with performance metrics,
such as accuracy, sensitivity, specificity, and AUC, being
closely monitored.

Results

In this section, we present the results obtained from
applying the ConvMixer model to the ISIC and PH2
datasets. The analysis focuses on the model’s ability to
distinguish between melanoma and melanocytic nevi.
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Figure 1. The left side shows the ROC curve for the ISIC dataset, and the right side shows the ROC curve for the PH2 dataset

at the best threshold

Table 1 highlights the distinct performance metrics of
the ConvMixer model on each dataset. The model dem-
onstrates higher sensitivity on the ISIC dataset, sug-
gesting better detection of true positives. Conversely, it
shows higher specificity on the PH2 dataset, indicating a
stronger ability to correctly identify true negatives. The
accuracy and F1 score differences between the datasets
reflect the model’s overall performance and its capability
to balance precision and recall.

Both datasets yielded high area under the curve (AUC)
scores (Figure 1), affirming the model’s strong discrimi-
native power in distinguishing between malignant and
benign skin lesions. The AUC for ROC curves provides
a single measure of the model’s overall performance
across various thresholds. A higher AUC indicates bet-
ter discriminative ability. For the ISIC dataset, the ROC
curves at different thresholds (normal and best) showed
the model’s adaptability in discriminating between posi-
tive and negative classes under varied conditions. The
ROC curves for the PH2 dataset reaffirmed the mod-

el’s robustness in classification, particularly at the best
threshold.

When comparing the two datasets, the higher sensitiv-
ity for ISIC can be attributed to its larger and more di-
verse nature, necessitating a model that can effectively
identify a broader range of melanoma presentations. The
PH2 dataset, being smaller and more controlled, allowed
for higher specificity and overall accuracy, indicating the
model’s strong performance in a more consistent dataset
environment.

This analysis underscores the ConvMixer model’s ca-
pabilities in melanoma diagnosis, highlighting its poten-
tial in varied clinical settings. The different performance
metrics on each dataset also emphasize the importance
of considering dataset characteristics when assessing Al
model performance in medical imaging.

Table 1. Applying the ConvMixer model to the ISIC and PH2 datasets

Metric ISIC Dataset (Best Threshold) PH2 Dataset (Best Threshold)
Sensitivity 0.9126 0.725
Specificity 0.6683 0.95

Accuracy 0.7142 0.905

F1 Score 0.5451 0.7532
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Discussion

The high accuracy and AUC scores achieved by the
ConvMixer model on both the ISIC and PH2 datasets
highlight its effectiveness in melanoma detection. Its
capability to adapt to a local dataset demonstrates its
potential in diverse clinical settings. Despite its high
performance, the model shows room for improvement
in sensitivity. The selection of an optimal threshold to
balance sensitivity and specificity remains a crucial chal-
lenge, especially for clinical applications.

The findings align with existing research, indicating
the significant potential of deep learning models in der-
matology [17]. However, the results also underscore the
need for comprehensive datasets that better represent the
diversity of skin lesions encountered in clinical practice.
The promising results suggest the model’s suitability for
integration into clinical workflows. However, they also
emphasize the need for human oversight, particularly in
cases where model reliability is lower. As Al models,
like ConvMixer become more integrated into healthcare,
issues such as algorithmic bias, model interpretability,
and ethical considerations must be addressed to ensure
fair and transparent usage.

The discussion highlights the strengths and potential
areas for improvement of the ConvMixer model, stress-
ing the importance of considering dataset characteristics
when evaluating model performance. It also points to
the necessity of ongoing research and adaptation in real-
world clinical settings.

Limitations and challenges

This section delves into the limitations and challenges
encountered during the research. While the ISIC and
PH2 datasets are comprehensive, they might not fully
represent the global population diversity. This could
limit the model’s applicability in varied demographic
settings. The integration of Al in healthcare necessitates
addressing technical and ethical issues to ensure respon-
sible and equitable use. The rapidly evolving nature of
Al and medical imaging necessitates continual learning
and model updating to maintain accuracy and relevance.
Ensuring patient data privacy and consent in Al model
development is paramount. Mitigating biases, especially
in skin lesion classification across diverse skin types, is
crucial for equitable healthcare delivery. It is also essen-
tial to balance Al assistance with physician expertise to
avoid over-reliance on technology, while maintaining
ethical transparency in Al algorithms and decision-mak-
ing processes.
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Addressing these challenges is crucial for the success-
ful integration of Al models, like ConvMixer, in clinical
practice, ensuring they remain effective and equitable
tools in medical diagnostics.

Future directions and recommendations

Looking ahead, the following directions and recom-
mendations are proposed to enhance the ConvMixer
model’s application in melanoma detection. Incorporat-
ing patient history and demographic data could signifi-
cantly improve diagnostic accuracy. Testing the model
on more diverse datasets, representing various skin
types and conditions, is crucial for global applicability.
Pilot studies in clinical settings can validate the model’s
practical utility and identify areas for refinement. Devel-
oping methods to interpret deep learning decisions can
enhance trust and usability in clinical environments. On-
going collaboration with medical experts can ensure the
model aligns with clinical needs and ethical standards.
These steps aim to bridge the gap between Al research
and clinical application, ultimately contributing to im-
proved patient outcomes in dermatology.

Conclusion

The model demonstrated high accuracy and specific-
ity, particularly on the PH2 dataset. Its adaptability to
various datasets underscores its potential in real-world
clinical scenarios. The research highlights the criticality
of using diverse and extensive datasets. This ensures the
robustness and generalizability of Al models in medical
diagnostics. Future research could focus on integrating
multifaceted data like patient history and demographic
information to enhance diagnostic accuracy. Deploying
the model in real-world clinical settings could provide
further validation.

The conclusions drawn underscore the ConvMixer
model’s capability in melanoma detection and its po-
tential impact on healthcare. They also emphasize the
importance of ongoing research, particularly in terms of
dataset diversity and real-world applications. Future ex-
plorations could include integrating diverse datasets and
patient histories for enhanced diagnosis.

Ethical Considerations
Compliance with ethical guidelines

There were no ethical considerations to be considered
in this research.
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