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A B S T R A C T

Melanoma is one of the most life-threatening forms of skin cancer, where early detection improves survival 
outcomes. Despite recent advances in Deep Learning (DL) for dermoscopic image analysis, existing approaches 
face critical limitations, including reliance on image-only inputs, inability to incorporate clinical metadata, and 
unstable performance on imbalanced datasets observed in real-world screening. Furthermore, many architectures 
are computationally heavy, limiting their suitability for clinical deployment. To address these gaps, in this paper, 
we propose a lightweight multi-modal diagnostic framework (BNDrop-Xnet) that integrates dermoscopic image 
features with clinical metadata (age, sex, and lesion location) through a weighted fusion strategy. Our framework 
consists of four main stages: (1) data preprocessing, including normalization, stratified sampling, and SMOTE- 
based class balancing; (2) image model creation using a four-block Convolutional Neural Network (CNN) ar
chitecture with Conv2D, Batch Normalization, MaxPooling, and Dropout layers; (3) metadata model construction 
with impact-factor computation and Multi-Layer Perceptron (MLP)-based learning of diagnostic feature contri
butions; and (4) ensemble integration through a weighted fusion and decision threshold optimization. It was 
evaluated on the ISIC 2020 dataset and achieved 90% accuracy, 80% precision, and a 73% F1-Score, out
performing several state-of-the-art models. These results demonstrate the effectiveness of combining visual and 
clinical cues for robust melanoma screening. BNDrop-XNet offers an efficient, interpretable, and meaningful 
solution for real-world deployment in resource-limited environments.

1. Introduction

Melanoma is the most life-threatening type of skin cancer that causes 
almost 75% of all skin cancer deaths worldwide, even though it repre
sents less than 5% of total skin cancer cases (Virgens et al., 2025, Nasir 
et al., 2025). According to the World Health Organization (WHO) and 
the U.S. Centers for Disease Control and Prevention, over 325000 new 
cases are detected each year, and the number continues to rise among 
fair-skinned people in areas with strong sunlight, such as Australia, 
Europe, and North America (Ferreirinha et al., 2025, Javed et al., 2020). 
However, early detection of melanoma is the most critical determinant 
of survival. Indeed, when it is found at Stage I, the five-year survival rate 
is above 95%, but drops below 20% once the disease spreads. Despite 
this, early diagnosis remains difficult, even for skilled dermatologists, 
because benign and malignant skin lesions share similar visual charac
teristics under dermoscopy (Kakish et al., 2025, Yousefi et al., 2024). 

Variations in lighting, imaging devices, and lesion morphology 
complicate the interpretation process (Oniga et al., 2025, Karimi et al., 
2025). These challenges have increased the need for Computer-Aided 
Diagnostic (CAD) systems using Artificial Intelligence (AI) and Deep 
Learning (DL) to support doctors in detecting subtle malignant features 
(Ahmad et al., 2025, Kong et al., 2025). Therefore, developing robust 
and reliable AI models for melanoma detection is a critical health goal 
rather than a computational vision challenge.

Over the last decade, advances in DL have improved the automation 
of the melanoma detection workflow. Convolutional Neural Networks 
(CNNs) such as ResNet, DenseNet, and EfficientNet demonstrated su
perior performance in learning complex visual patterns from dermo
scopic images compared to traditional Machine Learning (ML) methods 
(Ye et al., 2024, Yousefi et al., 2025, Montoya et al., 2025). Using 
large-scale public datasets like ISIC 2018, ISIC 2019, and ISIC 2020, 
many models achieved area under the ROC curve (AUC) scores ranging 
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between 0.88 and 0.92, surpassing expert-level detection accuracy 
(Yousefi et al., 2024, Zhang and Chaudhary, 2025, Yousaf et al., 2019). 
The models extract hierarchical features such as color variation, border 
irregularity, and asymmetry for differentiating malignant from benign 
lesions. More recent studies extended this progress through multi-modal 
learning, where dermoscopic images are combined with clinical meta
data such as age, gender, and lesion location to provide richer contextual 
understanding (Virgens et al., 2025, Yousefi et al., 2024, Najjar-Ghabel 
et al., 2025). Overall, DL has established a strong foundation for mela
noma detection and opened the door to new models that are more 
adaptive, lightweight, and reliable.

Recent studies on melanoma detection achieved remarkable progress 
using DL architectures such as CNNs, U-Nets, and hybrid segmenta
tion–classification frameworks, trained on large public datasets like ISIC 
2019–2020 and HAM10000 (Yousefi et al., 2024, Najjar-Ghabel et al., 
2025, Khan et al., 2025, Kaur et al., 2025). Although these approaches 
improved lesion localization and classification accuracy, most rely on 
dermoscopic images, overlooking valuable clinical metadata such as 
age, gender, and lesion location. Moreover, the majority of recent 
models employ static fusion mechanisms or computationally demanding 
multi-stage pipelines, making them unsuitable for low-resource clinical 
settings. They also lack a predefined feature integration and robust class 
imbalance handling, which are essential for reliable medical applica
tions (Cai et al., 2026). These limitations underscore the need for an 
adaptive multi-modal framework, which fuses dermoscopic and clinical 
data at both feature and decision levels to achieve higher detection ac
curacy, robustness, and clinical applicability.

In this paper, we propose a multi-step framework named BNDrop- 
XNet to enhance melanoma detection by integrating dermoscopic im
ages with clinical metadata. Our model follows a structured workflow 
that begins with data preprocessing, including image normalization, 
stratified sampling, and class-imbalance correction. The core of the 
framework is a lightweight CNN composed of four sequential blocks that 
extract hierarchical lesion features while preventing overfitting. In 
parallel, clinical metadata (age, sex, and lesion location) are processed 
through a metadata model that quantifies their diagnostic influence 
using impact-factor analysis. The outputs of both models are then fused 
through an adaptive weighted ensemble, followed by threshold opti
mization to refine diagnostic decisions. Together, these steps create an 
end-to-end, interpretable, and efficient system for producing reliable 
melanoma classification even in heterogeneous clinical settings. The 
main contributions of this paper are as follows: 

• Introduction of BNDrop-XNet, a lightweight four-block CNN 
designed for medical imaging tasks with limited computational 
resources.

• Predefined global weighted fusion of image and metadata repre
sentations to enable integration of visual and clinical cues for accu
rate diagnosis.

• Metadata impact-factor analysis, which quantifies the diagnostic 
contribution of age, sex, and lesion location.

• Optimized decision thresholding that maximizes sensitivity–speci
ficity balance for enhanced real-world clinical applicability.

Experimental results demonstrate that the proposed BNDrop-XNet 
framework delivers strong and balanced diagnostic performance on 
the ISIC 2020 dataset. The model achieved 90% accuracy, 80% preci
sion, and a 73% F1-Score, outperforming several recent state-of-the-art 
approaches. These improvements highlight the effectiveness of 
combining dermoscopic image features with clinical metadata through 
our weighted fusion strategy. Threshold optimization further enhanced 
the trade-off between sensitivity and specificity, enabling stable 
decision-making across diverse lesion types. Overall, the results 
demonstrate that BNDrop-XNet offers a reliable, efficient, and clinically 
meaningful solution for supporting real-world melanoma screening in 
settings where diagnostic accuracy and model interpretability are 

critical.
The rest of the paper is organized as follows. Section 2 reviews recent 

related works on melanoma detection using DL and multi-modal fusion 
approaches. The details of the proposed framework, including the pre
processing steps, network architecture, and weighted fusion strategy, 
are presented in Section 3. Section 4 reports the experimental setup, 
evaluation metrics, and comparative results on the ISIC 2020 dataset. 
Section 5 discusses the results and clinical applicability of our frame
work. Finally, the paper is concluded in Section 6.

2. Related works

Recent advances in ML have improved the accuracy of the melanoma 
detection process from dermoscopic images. It has led to the develop
ment of numerous frameworks integrating segmentation, classification, 
and data augmentation techniques. In this context, our team (Yousefi 
et al., 2024) developed a hybrid melanoma detection framework that 
combines Discrete Cosine Transform (DCT)–based features from der
moscopic images with clinical metadata for classification. It extracts 
DCT coefficients to capture texture and frequency details, then fuses 
them with metadata to improve diagnostic accuracy compared to 
image-only baselines. The study utilized the ISIC 2020 dataset and 
implemented traditional ML classifiers, such as Support Vector Machine 
(SVM) and Random Forest (RF), trained on DCT-extracted image fea
tures combined with clinical metadata for melanoma classification. Its 
main advantage is the use of multi-modal information, enhancing 
robustness and interpretability. However, the model depends on hand
crafted DCT features with static fusion between modalities, lacks 
adaptive deep feature learning and dual-level fusion, and shows limited 
scalability.

Zhang and Chaudhary (2025) introduced a hybrid DL approach that 
combines a U-Net segmentation network with an EfficientNet classifier 
to enhance melanoma detection based on the HAM10000 and ISIC 2020 
datasets. The model achieved a high accuracy on ISIC 2020. It demon
strates strong performance by segmenting lesion regions before classi
fication to minimize background interference. It improves lesion 
localization and classification precision through sequential learning. 
Despite its high accuracy, the model relies on dermoscopic images, lacks 
integration of clinical metadata, and requires substantial computational 
resources. Kaur et al. (2025) presented a DL-based CAD system for 
automated melanoma detection using the ISIC 2020 dataset. The pipe
line includes several stages, including image preprocessing, lesion seg
mentation using a context-aggregation convolutional network, and 
classification. It achieved reasonable accuracy and improved lesion 
localization by removing background noise. Its main advantage is 
enhancing the visual quality of dermoscopic inputs before classification. 
However, the model relies on dermoscopic images without integrating 
clinical metadata, lacks a predefined global fusion, and introduces 
higher computational complexity that limits applicability in 
low-resource clinical environments.

Marie et al. (2025) proposed a hybrid detection framework that 
combines the high-speed object detection model YOLOv9 with the 
region-precise classifier Faster R-CNN to detect melanoma in dermo
scopic images. Their algorithm demonstrates solid performance on 
benchmark datasets (e.g., ISIC 2019/2020) by using the strengths of 
both detection and classification networks to improve localisation. 
However, it focuses on dermoscopic images and lacks integration of 
clinical metadata. Moreover, its two-stage structure is computationally 
heavy and lacks predefined global fusion. Nazari and Garcia (2025) 
designed an attention-based Convolutional Neural Network (CNN) for 
automatic melanoma detection from dermoscopic images. The model 
uses an attention mechanism to highlight important lesion areas while 
suppressing background noise, improving classification accuracy and 
reducing false positives. Trained on a large dermoscopy dataset, it 
achieves better sensitivity and performance than baseline CNN models. 
Although it increases interpretability, the method relies on image data, 
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lacking clinical metadata integration and introducing high computa
tional cost, which limits its robustness and real-world deployability.

Thaku et al. (2025) planned a CAD system that combines a Double 
U-Net for lesion segmentation with several deep classifiers, including 
EfficientNetB7, DenseNet201, and ResNet152V2, for melanoma detec
tion. The method, tested on HAM10000 and ISIC datasets, achieved high 
accuracy and showed strong performance across multiple architectures. 
The main advantage is its high precision and effective lesion localization 
through segmentation and classification. However, it depends on image 
data and uses large networks, making the model resource-intensive and 
less suitable for low-resource deployment. Alzamel et al. (2025) devel
oped four CNN models (ResNet v2, VGG16, EfficientNet-B5, and 
EfficientNet-B7) for melanoma detection using the ISIC 2020 archive. It 
also emphasized the importance of handling class imbalance by applying 
Generative Adversarial Networks (GANs) for data augmentation, which 
improved F1-Scores. The main advantage of this work is comparing 
multiple CNN backbones and showing that image-only pipelines with 
augmentation can achieve competitive performance. However, the 
approach remains confined to image data, does not integrate clinical 
metadata. It also lacks the fusion of clinical metadata with image fea
tures. Moreover, the model uses conventional CNN backbones and 
augmentation, but does not implement a robust multi-level fusion 
strategy.

Khan et al. (2025) introduced a DL model for early-stage melanoma 
detection that addressed dataset imbalance using a CNN enhanced with 
DenseNet blocks, batch normalization, and data augmentation. The 
model achieved a high accuracy on the ISIC-2019 and HAM10000 
datasets, showing strong results in imbalanced conditions. However, it 
relies on image data without clinical metadata fusion, lacks dual-level 
adaptive fusion, and remains computationally intensive. Our team, in 
another paper (2025), presented a multi-modal DL framework for mel
anoma detection that integrates dermoscopic images and clinical met
adata. The model combines EfficientNet for extracting complex visual 
patterns from images and a Multi-Layer Perceptron (MLP) for processing 

structured clinical data. These two modalities are fused using an 
attention-based integration layer that prioritizes relevant features. It 
achieves high accuracy on the ISIC 2020 dataset. The key advantage of 
this method is its balanced performance and ability to use comple
mentary information from both visual and contextual sources, reducing 
false positives and negatives. Yet, the model uses a static fusion mech
anism without adaptive weighting or decision-level integration and does 
not address class imbalance and lightweight deployment.

A summary of the methodologies, datasets, advantages, and limita
tions of the reviewed papers is presented in Table 1. It shows that most 
existing melanoma detection frameworks rely on image-based DL 
models, such as CNNs, U-Nets, and hybrid segmentation–classification 
pipelines, which have achieved high accuracies on datasets like ISIC 
2019–2020 and HAM10000. While the methods have advanced lesion 
localization and classification, they lack integration of clinical metadata, 
key contextual information such as age, gender, and lesion location, 
which has been demonstrated to enhance detection reliability. 
Furthermore, most frameworks depend on static fusion mechanisms, 
handcrafted features, or computationally intensive multi-stage archi
tectures, making them less suitable for real-world low-resource clinical 
deployment. Only a few models address class imbalance or provide 
interpretable outputs, limiting their clinical trustworthiness. These gaps 
highlight the need for a lightweight and adaptive multi-modal frame
work, which fuses dermoscopic and clinical data at both feature and 
decision levels, balances data distribution, and ensures high accuracy 
with improved practical deployability in healthcare environments.

3. BNDrop-Xnet framework

In this section, we propose a comprehensive multi-stage model for 
automated melanoma detection that integrates both dermoscopic im
ages and clinical metadata to improve diagnostic reliability. The overall 
workflow of the proposed framework, BNDrop-XNet, is illustrated in 
Fig. 1. The process begins with data collection and sampling, followed 

Table 1 
A summary of the reviewed papers.

Authors & Year Objective Methods Dataset(s) Advantages Gaps

(Yousefi et al., 
2024)

Develop a hybrid 
framework combining 
image features with 
clinical metadata

DCT feature extraction + SVM, RF ISIC 2020 Multi-modal design using 
metadata; improved 
interpretability and accuracy

Uses handcrafted features; 
static fusion; no deep feature 
learning; limited scalability

(Zhang and 
Chaudhary, 
2025)

Improve detection via 
lesion segmentation and 
classification

Double-stage DL: U-Net + EfficientNet HAM10000, 
ISIC 2020

High accuracy; strong lesion 
localization and background 
noise reduction

Image-only model; lacks 
metadata integration; high 
computational cost; no 
adaptive fusion

(Kaur et al., 
2025)

Build a CAD system with 
preprocessing, 
segmentation, and 
classification

Context-aggregation CNN + classifier 
pipeline

ISIC 2020 Improved lesion localization 
and visual quality; enhanced 
image clarity

Image-only; lacks metadata 
fusion; computationally 
demanding for real-time 
deployment

(Marie et al., 
2025)

Combine object detection 
and classification for 
accurate lesion localization

YOLOv9 + Faster R-CNN hybrid ISIC 2019, ISIC 
2020

Precise detection and refined 
classification; improved lesion 
region focus

Image-only; no metadata use; 
computationally demanding; 
lacks a fusion mechanism

(Nazari and 
Garcia, 2025)

Enhance melanoma 
detection using attention- 
based CNNs

Attention-based CNN Large 
dermoscopy 
dataset

Improves model focus on 
salient lesion areas; 
interpretable attention maps; 
high sensitivity

Image-only; no metadata 
fusion; high computational 
cost; lacks decision-level fusion

(Thakur et al., 
2025)

Combine segmentation and 
classification to improve 
precision and localization

Double U-Net + EfficientNetB7, 
DenseNet201, ResNet152V2

HAM10000, 
ISIC

High precision and effective 
lesion localization; consistent 
accuracy

Image-only; lacks metadata; 
resource-intensive; no dual- 
level fusion

(Alzamel et al., 
2025)

Compare CNN backbones 
and address class 
imbalance

ResNet v2, VGG16, EfficientNet-B5/ 
B7 + GAN-based augmentation

ISIC 2020 Addresses class imbalance; 
improved F1-Score; model 
comparison

Image-only; lacks metadata 
fusion; no adaptive fusion; 
conventional CNN design

(Khan et al., 
2025)

Detect early-stage 
melanoma and handle class 
imbalance

CNN + DenseNet 
blocks + augmentation

ISIC-2019, 
HAM10000

High accuracy in imbalanced 
data; robust CNN

Image-only; no metadata 
fusion; lacks dual-level fusion; 
computationally intensive

(Najjar-Ghabel 
et al., 2025)

Combine image and 
metadata for melanoma 
detection

EfficientNet + MLP + attention-based 
fusion

ISIC 2020 Balanced multi-modal 
learning; reduced false 
positives; improved 
contextual understanding

Fusion is static; lacks adaptive 
weighting and decision-level 
fusion; no imbalance handling
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by dataset splitting into an image model creation set and a final test set 
to ensure unbiased evaluation. The image model creation stage involves 
preprocessing steps such as image normalization, data partitioning, and 
class imbalance handling before training the DL model. In parallel, the 
final test set is prepared through normalization and metadata encoding 
to provide a consistent evaluation environment. These stages ensure 
standardized, balanced, and high-quality data preparation for subse
quent learning and validation.

The core of our proposed framework is the BNDrop-XNet model, a 
lightweight convolutional neural network composed of four sequential 
convolutional blocks. This configuration enables hierarchical feature 
extraction while maintaining model stability and preventing overfitting. 
After completing image feature extraction, metadata impact evaluation 
is performed to analyze the detection relevance of patient data such as 
age, sex, and lesion location. The metadata-model creation stage then 
develops a model based on clinical metadata, generating predictive 
outputs that reflect non-visual diagnostic cues. These image- and 
metadata-based outputs are then combined through a weighted 
ensemble integration strategy, enabling adaptive fusion of visual and 
contextual features. Finally, the framework performs decision threshold 
optimization, final model integration, and comprehensive performance 
evaluation, resulting in an end-to-end interpretable system that en
hances diagnostic accuracy, robustness, and clinical applicability by 
merging image-based and patient-specific data.

The symbols used in our model are summarized in Table 2. These 
parameters define the variables employed during model development, 
training, and integration of image- and metadata-based components. 
They include the dataset split parameters ntrain, nvalidation, and ntest, as 
well as training-related parameters such as batch size B and the 
maximum number of epochs Emax. It also defines the metadata-analysis 
variables, including the correlation coefficient rj, information gain IGj, 
normalized correlation contribution Cj, normalized information-gain 
contribution Gj, and the resulting metadata impact factor IFj for age, 
sex, and lesion location. In addition, the predefined global fusion 
weights aMIm , aage, asex, and asite, with the final diagnostic score FinalS and 
the optimized decision threshold WBest, are defined to describe the 
weighted multimodal decision-fusion process.

3.1. Data collection and sampling

The proposed framework exploits the ISIC 2020 dataset, which 

contains dermoscopic images labelled as melanoma and non-melanoma, 
along with corresponding clinical metadata including age, sex, and 
lesion location (Cassidy et al., 2022). Let ntrain, ntest, and nvalidation 
represent the number of samples in the training, test, and validation 
subsets, respectively. The dataset exhibits a strong class imbalance, 
where the number of non-melanoma samples exceeds that of melanoma 
cases. To ensure balanced model learning, a representative subset of 
non-melanoma samples is selected to maintain a proportional distribu
tion between the two classes. The sampling step prevents the model from 
biasing toward the majority class and enhances its sensitivity to mela
noma features. Only high-quality images with complete metadata are 
included, and samples with missing clinical information or poor image 
quality are excluded to guarantee data consistency throughout the 

Fig. 1. Overall workflow of the proposed BNDrop-XNet framework for melanoma detection.

Table 2 
Description of symbols used in the formulation of our model.

Symbol Description

ntrain Number of training samples
ntest Number of test samples
nvalidation Number of validation samples
KS kernel_size of Conv1D
B Batch size
EMax Maximum number of epochs
MIM Image Model (BNDrop-XNet)
aMIm Coefficient of Image Model
aage Coefficient of age
asex Coefficient of sex
asite Coefficient of lesion location
FinalS Final Score
FinalD Final Decision
rj Correlation coefficient between metadata variable xj and melanoma 

target y
IGj Information gain of metadata variable xj with respect to melanoma 

target y
Cj Normalized correlation contribution of metadata variable xj

Gj Normalized information-gain contribution of metadata variable xj
IFj Final standardized impact factor of metadata variable xj
IFage Impact factor of age
IFsex Impact factor of sex
IFsite Impact factor of the lesion location
λ Parameter controlling the relative contribution of correlation and 

information gain
W Total threshold
WBest Best Threshold
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training and evaluation process.

3.2. Dataset splitting

In this step, the dataset samples are divided into two main sets: (1) an 
image model creation set used for training, validation, and fine-tuning, 
and (2) a final test set reserved for unbiased performance evaluation. 
This separation ensures that the final assessment of the BNDrop-XNet 
model is performed on unseen data, preventing information leakage 
and overfitting. It enhances the generalization capability of our frame
work in real-world melanoma detection.

3.3. Image model creation

Before model training, all dermoscopic images are processed through 
pixel value normalization to standardize the intensity range across 
samples. Each image is scaled to a range of [0, 1], ensuring consistent 
contrast and brightness while preserving lesion characteristics essential 
for feature learning. It minimizes illumination variance and device- 
related inconsistencies and improves the convergence stability of the 
model. This preprocessing phase is crucial in medical imaging tasks, 
where heterogeneous acquisition conditions can lead to biased feature 
extraction and low diagnostic accuracy.

The normalized dataset is then divided into training, validation, and 
testing subsets. Stratified sampling is applied to maintain a consistent 
class distribution across subsets, ensuring fair evaluation and preventing 
overfitting to the majority class. To further mitigate the imbalance be
tween melanoma and non-melanoma cases, the Synthetic Minority 
Oversampling Technique (SMOTE) is used on the training set 
(Najjar-Ghabel et al., 2024, Idwan et al., 2025). SMOTE generates syn
thetic minority samples by interpolating between neighboring mela
noma examples, which not only enhances the representation of rare 
lesions but also prevents overfitting caused by simple data duplication. 
It improves the sensitivity of the framework to malignant features, 
promoting a more balanced decision boundary.

The core of our proposed framework is the BNDrop-XNet architec
ture, illustrated in Fig. 2, which consists of four sequential convolutional 
blocks, each containing a Conv2D, Batch Normalization, MaxPooling, 
and Dropout layer. These components work together: Conv2D extracts 
hierarchical lesion patterns, Batch Normalization stabilizes training and 
accelerates convergence, MaxPooling reduces spatial redundancy, and 
Dropout mitigates overfitting by randomly deactivating neurons. The 
fourth block flattens the extracted features and connects them to dense 
layers with ReLU and sigmoid activations for nonlinear mapping and 
binary classification. The number of filters in each convolutional block 
(32, 64, and 128) is increased to enable hierarchical feature extraction. 
This allows the model to capture both low-level textures and high-level 
lesion structures as depth increases. The Dropout rates of 0.25 and 0.4 
are chosen to balance model regularization and learning capacity; lower 
rates in early layers preserve essential features, while higher rates in 
deeper layers prevent overfitting during complex pattern learning.

After creating the architecture of the image model, its parameters, 
including learning rate, batch size, and dropout ratio, are fine-tuned 
using the validation set to minimize validation loss. The final model is 
then evaluated on the independent test set, demonstrating that the 
lightweight BNDrop-XNet balances computational efficiency, robust
ness, and detection accuracy. It makes the model suitable for resource- 
constrained applications.

3.4. Metadata model creation

The metadata model creation step focuses on quantifying the diag
nostic relevance of clinical information, including age, sex, and lesion 
location, and incorporating these non-visual cues into the final predic
tion. The metadata are first encoded and normalized to ensure a 
consistent numerical representation and compatibility with the model

ling pipeline (Yousefi et al., 2024). For each metadata variable xj, where 
j ∈ {age, sex, site}, an impact factor (IFj) is calculated by combining 
correlation- and information-theoretic measures. The correlation 
component quantifies the strength of association between each meta
data variable and the binary melanoma target, whereas information gain 
quantifies the reduction in target uncertainty contributed by that vari
able. To ensure comparability, the absolute correlation and 
information-gain values are normalized as in Equations (1) and (2): 

Cj =

⃒
⃒rj
⃒
⃒

∑m
k=1|rk|

(1) 

Gj =
IGj

∑m
k=1IGk

(2) 

where rj denotes the correlation coefficient between the metadata var
iable xj and the melanoma target, Gj is its information gain, and m = 3 
represents the three metadata variables. The final impact factor is then 
defined as Equation (3): 

IFj = λCj + (1 − λ)Gj (3) 

where λ controls the relative contribution of the correlation- and 
information-theoretic components (In this paper, λ = 0.5 was used to 
assign equal importance to the two components). Thus, IFage, IFsex, and 
IFsite provide standardized measures of the relative diagnostic relevance 
of the three clinical variables. The encoded metadata are then processed 
using an MLP to capture nonlinear interactions among age, sex, and 

Fig. 2. Architecture of the BNDrop-XNet model.
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lesion location. The resulting metadata information and impact factors 
are incorporated into the final diagnostic score through the predefined 
global weighted-fusion strategy described in the next step. So, the co
efficients aage, asex, and asite are treated as predefined global fusion 
weights rather than adaptive sample-specific coefficients learned 
through backpropagation. This formulation makes the contribution of 
clinical metadata explicit and reproducible while ensuring that com
plementary demographic and lesion-related information contributes to 
the final decision.

3.5. Final model integration

The final decision-making process is implemented through a pre
defined global weighted ensemble strategy that integrates the output of 
the image-based model with the contributions of the clinical metadata. 
The final diagnostic score (FinalS) is calculated as in Equation (4): 

FinalS = MIm × aMIm + aage × IFage + asex × IFsex + asite × IFsite (4) 

s.t. 0 ≤ FinalS ≤ 1, aMIm + aage + asex + asite = 1 

where MIm represents the image model output, while IFage, IFsex, and IFsite 
denote the impact factors of the metadata model. The coefficients aMIm , 
aage, asex, and asite are global fusion weights assigned to the image pre
diction and the three metadata components. These coefficients deter
mine the relative contribution of each information source to the final 
diagnostic score and remain fixed for all samples during inference. 
Therefore, the fusion weights are not sample-dependent and are not 
dynamically generated from intermediate feature representations. 
Instead, they constitute a predefined global weighting scheme designed 
to combine visual and clinical information within a simple ensemble 
formulation. If > WBest , the case is classified as melanoma (FinalD = 1); 
otherwise, it is classified as non-melanoma (FinalD = 0). This formula
tion provides an explicit fusion mechanism that allows the model to 
combine visual and clinical information rather than relying on image- 
based cues.

The decision threshold WBest is optimized using the validation set. 
Candidate threshold values are evaluated using the ROC curve and the 
corresponding sensitivity–specificity trade-off. The threshold providing 
the most suitable diagnostic balance is selected and fixed before evalu
ation on the independent test set. The predefined fusion weights remain 
fixed throughout inference, and the optimized decision threshold is not 
adjusted using the final test samples. It provides a transparent multi
modal fusion mechanism in which the contribution of the dermoscopic 
image prediction and each clinical metadata component is represented 
in the final score. Unlike image-only diagnostics, our ensemble allows 
clinically relevant contextual information to contribute to the classifi
cation decision.

The contribution of the proposed integration strategy lies in 
combining heterogeneous visual and clinical information through an 
interpretable weighted formulation while maintaining low computa
tional complexity. Although the current fusion weights are global rather 
than input-adaptive, the framework provides a practical mechanism for 
incorporating metadata that may contain complementary diagnostic 
information not fully represented by dermoscopic appearance alone.

3.6. Final model evaluation

For the final evaluation step, the independent test set is preprocessed 
in a manner consistent with the training pipeline to ensure unbiased 
performance assessment. All dermoscopic images are first normalized to 
a fixed pixel intensity range of [0, 1] to eliminate illumination in
consistencies and guarantee compatibility with the trained BNDrop- 
XNet model. The clinical metadata are then organized, encoded, and 
standardized to align with the metadata model input structure. Finally, 
the integrated framework is applied to this normalized test set to 

generate final predictions based on the weighted ensemble strategy. 
Model performance is evaluated using accuracy, precision, recall, and 
F1-Score to provide an evaluation of model reliability. This consistent 
preprocessing and unified evaluation strategy ensures that the reported 
results reflect the generalization capability, robustness, and clinical 
applicability of our framework.

Algorithm 1 illustrates the workflow of the BNDrop-XNet framework. 
The first step focuses on data preprocessing, where dermoscopic images 
are normalized, samples with missing data are excluded, and the dataset 
is divided into two main parts: an image-model creation set and a final 
test set. Within the creation set, a stratified split maintains class balance, 
and SMOTE is also applied to the training subset to address the strong 
class imbalance. The second and third steps correspond to image model 
creation and metadata model construction. The image model, BNDrop- 
XNet, is a lightweight CNN consisting of four sequential convolutional 
blocks, each including Conv2D, Batch Normalization, MaxPooling, and 
Dropout layers. These layers work together to extract hierarchical fea
tures while minimizing overfitting. After fine-tuning its hyper
parameters using the validation set, the trained image model is 
evaluated on an internal test subset. In parallel, metadata variables (age, 
sex, and lesion site) are encoded and normalized, and their impact fac
tors are computed to quantify diagnostic relevance. An MLP is then 
trained to learn adaptive coefficients.

The fourth and fifth steps describe weighted ensemble integration 
and final evaluation. Using the outputs of the image and metadata 
models, a final score (FinalS) is computed as a weighted sum of both 
modalities. The adaptive weights are optimized on the validation set to 
satisfy the constraints. The decision threshold (WBest) is then fine-tuned 
to maximize diagnostic performance. Finally, the integrated model is 
tested on the independent final test set. At last, the performance of the 
final model is evaluated through standard metrics. Together, these steps 
form an end-to-end interpretable and robust framework that integrates 
visual and clinical information to improve melanoma detection 
reliability.

4. Findings and results

This section presents the experimental findings of the BNDrop-XNet 
framework. We begin by describing the dataset, followed by a detailed 
presentation of the implementation results. Finally, our framework is 
compared with several recent state-of-the-art melanoma detection ap
proaches to demonstrate the performance advantages of our model. All 
implementations were conducted in Python on an Apple M2 system with 
8 GB RAM, running macOS Sonoma 14.4.1, providing a reproducible, 
efficient, and lightweight computational environment suitable for 
medical imaging research.

Table 3 summarizes the hyperparameters, configuration settings, 
and implementation details employed throughout the experiments. The 
designated subset of the dataset was divided into 1432 training, 128 test, 
and 32 validation samples, ensuring a balanced and stratified evaluation 
protocol. A batch size of 64 and a maximum of 200 epochs were used to 
train BNDrop-XNet, supported by SMOTE-based resampling to address 
class imbalance. The CNN architecture incorporated Conv2D filters of 64 
and 128, ReLU activations, and dense layers with 256 and 1 unit for 
nonlinear representation and final classification. The model was opti
mized using the Adam optimizer with a learning rate of 1 × 10− 4, 
momentum parameters (β1 = 0.9, β2 = 0.999), and training stabilizers 
such as Early Stopping and ReduceLROnPlateau. For the ensemble 
phase, the learned fusion weights were set to aMIm= 0.2, aage = 0.2, 
asex = 0.2, and asite = 0.4, with an optimized decision threshold 
WBest = 0.5. Finally, the performance was evaluated using standard 
metrics, including Accuracy, Precision, Recall, and F1-Score, providing a 
comprehensive assessment of diagnostic reliability.
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4.1. Dataset

The proposed framework was evaluated using the ISIC 2020 Chal
lenge Dataset, a large-scale dermoscopic image collection provided for 
melanoma classification (Cassidy et al., 2022). It contains 
high-resolution dermoscopic images labelled as melanoma or 
non-melanoma, accompanied by relevant metadata such as patient age, 
sex, and anatomical location of the lesion. The clinical variables play an 
essential role in melanoma risk assessment and are integrated into our 
metadata model. Before analysis, all samples were screened for 
completeness, and entries with missing critical information or 
low-quality images were excluded to ensure reliability. The dataset was 
then divided into designated subsets for model training, validation, and 
final testing, following a stratified strategy to preserve the natural class 
distribution. This structured dataset preparation ensures that both visual 
and contextual patient information are represented throughout the 
modelling process.

Table 4 summarizes the metadata fields of the dataset and indicates 
whether each feature was included or excluded in our modelling pipe
line. The identifiers image_name, patient_id, and lesion_id, although 

non-null, were dropped because they do not provide diagnostic infor
mation and may introduce unwanted bias or data leakage. In contrast, 
sex, age, and anatom_site were retained, as these clinical features have 
documented relevance to melanoma risk. The diagnosis field provides 
textual detection labels but was not directly used in modelling, while the 
target field (binary 0/1 label for benign vs. melanoma) was retained as 
the ground-truth output variable. This selection process ensures that 
only meaningful metadata contributes to the prediction framework, 
while redundant or biased identifiers are excluded.

Fig. 3 shows the distribution of key metadata features in the ISIC 
2020 dataset. Fig. 3(a) illustrates an uneven distribution across 
anatomical sites, with the torso representing the largest portion of the 
dataset (approximately 47–50% of all samples). This is followed by the 
lower extremity (~25–27%) and upper extremity (~15–18%), while 
regions such as head/neck, palms/soles, and oral/genital areas consti
tute a small minority (collectively <10%). This skew highlights a real- 
world data challenge: melanoma risk varies across body sites, but the 
frequency of available dermoscopic images does not align uniformly 
with clinical prevalence patterns. Such an imbalance can bias image- 
only DL models toward more common anatomical regions and reduce 

Algorithm 1 
Pseudo-code of the Proposed BNDrop-XNet Framework.

Input: Dermoscopic image set X with labels y and metadata Z = {age, sex, site};  
parameters ntrain, nvalidation, ntest, B, and EMax  

Output: Final integrated model and evaluation metrics 
# 1. Data preparation 
Normalize pixel values of all images to [0,1] 
Remove samples with missing or poor-quality metadata 
Split the dataset into: 

(a) Image-model creation set → for training, validation, and test 
(b) Final test set → for unbiased evaluation 

Within the image-model creation set: 
Stratified split into train, validation, and test 
Apply SMOTE on training data to balance melanoma / non-melanoma classes 

# 2. Image model creation (BNDrop-XNet) 
Define CNN with four sequential convolutional blocks: 

For blocks 1–3: 
Conv2D(filters = 32→64→128, kernel_size = (3,3), activation = ReLU) 
BatchNormalization() 
MaxPooling2D(2,2) 
Dropout(rate = 0.25→0.25→0.40) 

Block 4: 
Flatten → Dense(256, ReLU) → Dropout(0.50) → Dense(1, Sigmoid) 

Train the model using the Adam optimizer, 
loss = binary_crossentropy, metrics = {Accuracy, ROC-AUC, PR-AUC} 

Fine-tune hyperparameters (learning rate, batch size, dropout) on the validation set 
Evaluate the trained image model MIM on the internal test subset 
# 3. Metadata model creation and impact analysis 
Encode and normalize metadata variables (age, sex, and lesion site) 
For each metadata variable xj : 

Compute the correlation coefficient rj between xj and target y 
Compute information gain IGj between xj and target y 
Normalize correlation contribution as (1) 
Normalize information-gain contribution as (2) 
Compute metadata impact factor as (3) 

Obtain IFage, IFsex, and IFsite 

Train the metadata MLP to capture nonlinear interactions among age, sex, and lesion location. 
# 4. Weighted ensemble integration 
Compute final score for each sample: 

FinalS = MIm × aMIm + aage × IFage + asex × IFsex + asite × IFsite 

Subject to: 
0 ≤ FinalS ≤ 1, aMIm + aage + asex + asite = 1 

Set predefined global fusion weights 
Determine the best decision threshold WBest for sensitivity–specificity balance: 

if FinalS > WBest → FinalD = 1 (Melanoma) 
else → FinalD = 0 (Non-melanoma) 

# 5. Final evaluation 
Normalize pixel values and encode metadata of the independent final test set 
Apply integrated model and decision rule 
Compute evaluation metrics: 

Accuracy, Precision, Recall, and F1-Score 
Optionally perform subgroup analyses (age, sex, lesion site) 
Return final integrated BNDrop-XNet model, predefined global fusion weights, optimized decision threshold, and performance metrics
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generalizability. The proposed framework overcomes this limitation by 
incorporating metadata-based impact factors, enabling the model to 
account for differences in melanoma likelihood associated with 
anatomical site when visual data from rare sites are underrepresented.

Fig. 3(b) shows that the dataset contains near-equal representation of 
male and female patients, with females making up 49–50% and males 
around 50–51%. Although the distribution is balanced, sex remains an 
influential clinical feature because melanoma incidence, anatomical site 
distribution, and lesion morphology differ between sexes in epidemio
logical studies. For example, males are more prone to melanoma on the 
trunk, while females more often present lesions on the lower extremities. 
Image-only frameworks cannot capture these meaningful clinical pat
terns. In contrast, BNDrop-XNet integrates the sex metadata coefficient 
(asex) and impact factor to adjust decision-making.

Fig. 3(c) demonstrates that the age distribution follows a near- 
normal pattern, with the majority of samples falling between 35 and 
70 years, and a peak frequency around 45–55 years. Younger (<20) and 
older (>80) patients constitute a small fraction of the dataset (<5%), 
which may lead traditional classifiers to underperform on age groups 
that deviate from the central tendency of the dataset. Age, however, is a 
significant predictor of melanoma severity. BNDrop-XNet addresses this 
limitation by using age-based impact values (IFage) and adaptive 
weighting, allowing our model to compensate for demographic imbal
ance and incorporate non-visual risk factors into its decision process. So, 
the framework reduces bias toward the dominant middle-aged popula
tion and improves fairness across the full age spectrum.

The correlation analysis presented in Table 5 shows that the re
lationships between the clinical metadata (sex, age, and anatomical site) 
and the melanoma target label are weak (still meaningful within the 
context of a multi-modal diagnostic framework). Age shows the stron
gest positive correlation with the target (r = 0.086), indicating that 
increasing age is associated with a higher likelihood of melanoma, 

consistent with known epidemiological trends. Sex exhibits a small 
positive correlation with melanoma (r = 0.028), suggesting a minor 
difference in melanoma prevalence between males and females. 
Anatomical site shows a slight negative correlation with the target 
(r = –0.01), implying that lesion location has limited linear predictive 
power but may contribute to non-linear patterns that our metadata 
model can capture. Although all correlations fall below 0.10 (i.e., <10% 
linear association), their combined weak–moderate interactions justify 
their inclusion in the BNDrop-XNet framework, where impact factors 
and adaptive weighting allow these subtle signals to be used within a 
multi-modal ensemble for improved melanoma detection.

Fig. 4 illustrates the distribution of melanoma and non-melanoma 
samples across the training, validation, and test sets used for image- 
and metadata-based model development. In the training set, which 
contains 1432 samples, non-melanoma cases account for 894 samples 
(62.43%), while melanoma cases represent 538 samples (37.57%), 
providing an imbalanced but representative learning environment after 
controlled sampling. The validation set maintains a similar proportion, 
with 21 non-melanoma (65.62%) and 11 melanoma samples (34.38%), 
ensuring stable hyperparameter tuning without class-driven bias. The 
test set includes 93 non-melanoma (72.66%) and 35 melanoma samples 
(27.34%), creating a challenging evaluation scenario that reflects real- 
world class prevalence. Overall, the complete dataset used for model 
development comprises 1592 samples, with 1008 non-melanoma and 
584 melanoma cases, preserving the natural imbalance of melanoma 
screening tasks. These well-structured splits highlight the strength of our 
framework. Indeed, the model can handle class imbalance while main
taining generalizability across subsets by combining stratified parti
tioning, controlled resampling, and metadata-driven learning. This 
balanced design ensures that our multi-modal fusion strategy uses both 
visual features and clinical metadata, enabling the final integrated 
model to perform reliably on unseen and imbalanced real-world data.

4.2. Implementation results

To evaluate the effectiveness of the BNDrop-XNet framework, we 
first optimized the decision threshold W used in the weighted ensemble 
model, and then analyzed the resulting confusion matrix to assess 
diagnostic behaviour.

Fig. 5 illustrates the threshold-tuning process and its influence on 
performance metrics. Fig. 5(a) shows how precision, recall, F1-Score, 
and accuracy change as a function of W, highlighting the threshold re
gion where the model achieves its optimal predictive balance. In this 
figure, precision increases sharply when W > 0.40, reaching its peak 
around 0.50, while recall decreases beyond this region, illustrating the 
classic trade-off between the two metrics. The F1-Score and accuracy 
curves converge around the same threshold, confirming that W = 0.50 
provides the most stable diagnostic performance. This alignment in
dicates that the weighted fusion of image and metadata outputs is 
balanced in a way that maximizes melanoma detection without 
compromising the false-positive rate. The smooth transitions of the 
curves also demonstrate the stability of the ensemble and its capacity to 
maintain discriminative power across varying decision thresholds.

Fig. 5(b) presents the relationship between accuracy and Youden’s J 
statistic, used to identify the threshold that maximizes diagnostic use
fulness by balancing sensitivity and specificity. It further confirms that 
the optimal threshold corresponds to the maximum of both the accuracy 
curve and Youden’s J, with the peak located at W = 0.50. This threshold 
ensures a trade-off between sensitivity and specificity, which is critical 
in melanoma screening scenarios where both missed diagnoses and 
unnecessary alarms must be minimized.

Fig. 5(c) displays how the counts of True Positives (TP), True Neg
atives (TN), False Positives (FP), and False Negatives (FN) evolve with 
changes in the threshold, providing insight into the error patterns and 
robustness of the model (Yousefi et al., 2020, Babu Mupparaju and 
Reddy, 2024). It shows that at the optimized threshold, FP decrease 

Table 3 
Hyperparameter configuration, training settings, and ensemble coefficients.

Hyperparameter Value/Method

ntrain 1432
ntest 128
nvalidation 32
B 64
EMax 200
random_state 42
Dropout (rate) {0.25, 0.4, 0.5}
Resampling SMOTE
Conv2D Filter = {64, 128}, Activation = ReLU
Dense Unit={256,1}, Activation = {ReLU, Sigmoid}
Optimizer Adam(learning_rate = 1e-4), Adaptive learning with momentum 

(β₁ = 0.9, β₂ = 0.999)
callbacks [early_stop, reduce_lr]
aMIm 0.2
aage 0.2
asex 0.2
asite 0.4
WBest 0.5
Metrics Accuracy, Precision, Recall, F1-Score

Table 4 
Description of the metadata fields in the ISIC 2020 dataset.

Name Data Type Null Used/Drop

image_name object non-null Drop
patient_id object non-null Drop
lesion_id object non-null Drop
sex object non-null Used
Age float64 non-null Used
anatom_site object non-null Used
diagnosis object non-null ​
target int64 non-null Used (Label)
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sharply while FN remain controlled, and TN rise substantially. This 
behaviour confirms that the integrated model is capable of dis
tinguishing melanoma from benign lesions more effectively than 
image-only or metadata-only baselines, benefiting from the strengths of 
the two modalities.

The confusion matrix of our final integrated model, shown in Fig. 6, 

demonstrates reliable diagnostic performance across both melanoma 
and non-melanoma classes (Yousefi et al., 2024, Siarov et al., 2024). It 
provides a class-specific assessment of performance under the remaining 
class imbalance. For the non-melanoma class, 194 of 202 cases were 
classified, corresponding to a precision of 91.94%, recall of 96.04%, and 
F1-score of 93.95%. For the melanoma class, 33 of 50 cases were 

Fig. 3. Distribution of key metadata features in the ISIC 2020 dataset: (a) anatomical site, (b) sex, and (c) age.
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identified, yielding a precision of 80.49%, recall (sensitivity) of 66.00%, 
and F1-score of 72.53%, while 17 melanoma cases were misclassified as 
non-melanoma. Although the overall accuracy reached 90.08%, the 
balanced accuracy was 81.02%, and the lower melanoma recall and 
F1-score demonstrate that residual class imbalance remains a challenge. 
The findings indicate that SMOTE improved minority-class representa
tion during training but did not eliminate the performance disparity 
between melanoma and non-melanoma cases. Thus, class-specific met
rics provide a more informative assessment of the framework than 
overall accuracy alone.

Table 6 provides a class-wise evaluation of BNDrop-XNet and high
lights the effect of class imbalance on model performance. For the non- 
melanoma class, the model achieves high precision (91.94%), recall 
(96.04%), and F1-score (93.95%), indicating that benign cases are 
identified consistently with relatively few FP and FN errors. In contrast, 
the melanoma class shows lower performance, with a precision of 
80.49%, recall of 66.00%, and F1-score of 72.53%. The lower recall 
indicates that a notable proportion of melanoma cases are still missed, 
which explains why the melanoma F1-score remains modest despite the 
high overall accuracy reported for the model. This difference between 
the two classes suggests that the class-imbalance problem is not resolved 
by SMOTE alone and that the model is more reliable for identifying non- 
melanoma cases than melanoma cases. Nevertheless, the melanoma 
precision of 80.49% shows that when the model predicts melanoma, its 
predictions are reliable. Overall, the class-wise results provide a more 
informative assessment than accuracy and indicate that future im
provements should focus on increasing melanoma sensitivity and 
reducing FN cases.

4.3. Comparison results

To demonstrate the effectiveness of the proposed framework, we 
compared its performance with four recent state-of-the-art melanoma 
detection approaches. Table 7 summarizes the results across four stan
dard metrics. These models include MD-MML (Najjar-Ghabel et al., 
2025), AMD (Yousefi et al., 2024), VGG 16 (Alzamel et al., 2025), and 

ResNet152V2 (Thakur et al., 2025), which represent widely used CNN 
baselines and advanced deep architectures.

As shown in Table 7, our BNDrop-Xnet model outperforms all 
competing methods in overall accuracy, achieving 90%, which is 2% 
higher than MD-MML (88%), 20% higher than AMD (70%), and exceeds 
traditional CNN baselines such as VGG 16 (+34%). This substantial gain 
demonstrates the effectiveness of integrating dermoscopic features with 
clinical metadata using our weighted fusion mechanism. Similarly, our 
model achieves the highest precision at 80%, outperforming MD-MML 
by 14 percentage points, AMD by 9 points, and VGG 16 and 
ResNet152V2 by more than 59 points, indicating a much lower FP rate 
and stronger diagnostic reliability.

In terms of F1-Score, our model also ranks first with 73%, slightly 
ahead of MD-MML (72%) and higher than AMD (68%). Compared with 
VGG 16 (26%) and ResNet152V2 (33%), BNDrop-XNet achieves 
180–280% relative improvement, demonstrating that metadata-aware 
feature fusion enhances classification consistency. Although our recall 
(66%) is slightly lower than MD-MML (80%), it remains competitive and 
higher than AMD (65%), VGG 16 (41%), and close to ResNet152V2 
(86%) while maintaining the best balance between sensitivity and 
specificity. This balanced performance is crucial for clinical settings, 
where models must avoid excessive FP without compromising mela
noma detection.

Overall, the comparison shows that BNDrop-XNet provides the most 
stable performance across all major metrics, driven by its lightweight 
CNN design, metadata-aware MLP modelling, and predefined global 
weighted fusion strategy. While some competing models may achieve 
higher recall alone, they suffer from low precision and accuracy, making 
them impractical for real-world applications. In contrast, our framework 
maintains a meaningful balance, achieving high accuracy, high preci
sion, and a strong F1-Score while avoiding the diagnostic instability 
present in other DL architectures.

5. Discussion

The results of this paper demonstrate that BNDrop-XNet offers a 
powerful improvement over existing melanoma detection approaches. 
By integrating dermoscopic image features with patient-level metadata 
through a predefined global weighted fusion strategy, our model out
performs recent state-of-the-art models across accuracy, precision, and 
F1-score. The precision of the model of 80% and accuracy of 90% 
indicate a substantial reduction in FP, an essential requirement for 
minimizing unnecessary biopsies and patient anxiety in dermatology 
practice. Moreover, the balanced F1-Score of 73% highlights the ability 
of our framework to maintain diagnostic stability across imbalanced 
classes when melanoma cases are limited (a common challenge in real- 
world skin cancer datasets).

Another key strength of BNDrop-XNet is its multi-modal design, 
which uses information beyond dermoscopic image content. Age, sex, 
and lesion location each contribute additional diagnostic cues that pure 
image-based CNNs often overlook. The metadata impact–factor mech
anism enables the model to incorporate epidemiological patterns, such 
as age-dependent risk and site-specific variability, into its decision- 
making process. Threshold optimization further enhances clinical util
ity by fine-tuning the sensitivity–specificity balance, ensuring the model 
can be tailored to different screening priorities. These characteristics 
demonstrate how our model can support clinicians in early melanoma 
recognition in resource-limited or high-volume screening environments 
where reliable decision support is needed.

Although SMOTE was used to improve the representation of the 
minority class during training, the class-specific results show that the 
imbalance was not fully addressed. Melanoma recall remained at 
66.00%, with 17 false-negative cases, despite an accuracy of 90.08%, 
indicating that oversampling was not sufficient to close the performance 
gap between the two classes. Future work should consider additional 
imbalance-handling strategies, such as cost-sensitive learning, focal loss, 

Table 5 
Pearson correlation matrix of clinical metadata.

Sex Age Anatom Site Target

Sex 1 0.11 0.022 0.028
Age 0.11 1 -0.041 0.086
Anatom Site 0.022 -0.041 1 -0.01
Target 0.028 0.086 -0.01 1

Fig. 4. Class distribution across the training, validation, and test subsets for 
melanoma and non-melanoma samples.
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Fig. 5. Effect of decision threshold W on the performance of BNDrop-Xnet: (a) Variation of Precision, Recall, F1-Score, and Accuracy across different threshold 
values, (b) Threshold optimization using Accuracy and Youden’s J statistic, and (c) Impact of threshold variation on confusion matrix components.

S. Najjar-Ghabel and S. Yousefi                                                                                                                                                                                                             Natural Language Processing Journal 16 (2026) 100232 

11 



class-weighted optimization, and targeted augmentation. The final in
tegrated model was evaluated on an independent test set that was kept 
separate from model development; however, the small test set and the 
absence of cross-validation limit the strength of broader generalization 
claims. Future studies should incorporate stratified cross-validation and 
external validation on larger and more heterogeneous datasets. The ISIC 
2020 dataset also has limited diversity in terms of imaging devices and 
patient demographics, which affects model generalizability across 
different clinical populations. In addition, the current framework uses 
only three metadata variables—age, sex, and lesion site—whereas richer 
clinical information, such as skin type, lesion evolution, and patient 
history, may further improve predictive performance. Finally, although 
BNDrop-XNet was designed as a lightweight architecture, deployment 
on embedded or resource-constrained devices may still require further 
optimization, such as model quantization. Future research should 
therefore focus on improving minority-class sensitivity, incorporating 
richer clinical metadata, validating the model across diverse datasets, 
and applying more advanced explainability and deployment-oriented 
techniques to support reliable integration into dermatological 
workflows.

6. Conclusion

In this paper, we introduced BNDrop-XNet, a lightweight and multi- 
modal melanoma detection framework that integrates dermoscopic 
image features with clinical metadata through a predefined global 
weighted fusion strategy. The proposed model demonstrated superior 
performance compared to recent DL approaches, achieving 90% accu
racy, 80% precision, and a 73% F1-Score, underscoring the value of 
combining visual and contextual patient information for robust mela
noma screening. The results confirm that metadata-aware fusion en
hances diagnostic stability, reduces FP, and offers improved clinical 
relevance over image-only DL methods.

Future work will focus on addressing the limitations identified in this 
paper. Improved imbalance-handling strategies, including cost-sensitive 
learning, focal loss, class-weighted optimization, and targeted 
augmentation, will be investigated to enhance melanoma sensitivity. 
The metadata space will also be expanded to incorporate additional 
clinically relevant factors. To strengthen model robustness, future 
studies will employ stratified cross-validation and external validation 
using larger, multi-center, and more heterogeneous datasets. Further 
research will also explore advanced explainable AI to improve model 
interpretability, together with deployment-oriented optimization 
methods such as model quantization for real-time use. These de
velopments are expected to improve the clinical applicability of 
BNDrop-XNet for early melanoma detection in diverse healthcare 
environments.
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Fig. 6. Confusion matrix of BNDrop-XNet.

Table 6 
Class-wise performance of BNDrop-XNet based on the confusion matrix.

Class Precision Recall F1-score

Non-melanoma 91.94% 96.04% 93.95%
Melanoma 80.49% 66.00% 72.53%

Table 7 
Performance comparison of BNDrop-XNet with recent state-of-the-art melanoma 
detection models.

Approach Accuracy F1- 
Score

Precision Recall

Our Model (BNDrop-XNet) 90% 73% 80% 66%
MD-MML (Najjar-Ghabel et al., 

2025)
88% 72% 66% 80%

AMD (Yousefi et al., 2024) 70% 68% 71% 65%
VGG 16 (Alzamel et al., 2025) 56% 26% 20% 41%
ResNet152V2 (Thakur et al., 2025) 32% 33% 21% 86%
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