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Abstract. Early detection of skin cancer significantly improves patient outcomes by allowing for

timely intervention. This study introduces the FusionNetX framework, which is a robust multimodal

model using both image data and metadata for skin cancer detection, leveraging the ISIC 2024

dataset. Our approach integrates convolutional neural networks (CNNs) and Transformer-based

models to extract features from single-lesion images cropped from 3D Total Body Photographs (3D-

TBP). These images, resembling close-up smartphone photos, are integrated with metadata analyzed

using tree-based classifiers to enhance diagnostic accuracy. To address the extreme class imbalance

in the dataset, we employ advanced sampling techniques and use stratified group cross-validation to

ensure our model generalizes well across diverse patient groups. Our model demonstrates competitive

performance, achieving a partial area under the Receiver Operating Characteristic curve (pAUC) of

0.18380 on cross-validation and securing the top rank with a private score of 0.17295 on the private

test set. This top-ranking performance highlights the model’s ability to maintain high true positive

rates (TPR ≥ 80%) while outperforming all other teams based on private scores. Furthermore, it

demonstrated strong generalization across external datasets such as HAM10000 and PH2, showcasing

its robustness in detecting various skin lesion types. These results underscore the effectiveness of our

multimodal approach, offering a promising solution for enhancing early skin cancer detection and

improving patient outcomes.

Keywords. Skin cancer detection, ISIC 2024 dataset, CNN and transformer integration, multi-

modal model.

1. INTRODUCTION

The increase in skin cancer cases, particularly melanoma, has raised the demand for
early and accurate diagnosis. Due to the highly invasive nature of melanoma, early detec-
tion and differentiation between malignant and benign lesions can save many lives. However,
traditional diagnostic methods are becoming increasingly inadequate because of limitations
in access to dermatologists, especially in underserved areas. This situation highlights the
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urgent need for automated diagnostic tools that are both accurate and accessible. Recent ad-
vancements in machine learning, particularly with technologies such as deep neural networks
[1, 2, 3] and their applications in medical diagnosis [4], have opened new possibilities for more
effective detection and classification of skin lesions. The application of machine learning in
medical diagnosis can not only improve accessibility and provide consistent and reliable clas-
sifications but also play a crucial role in the early detection of skin cancer. Ultimately, these
advances have the potential to enhance survival rates.

The International Skin Imaging Collaboration (ISIC) has been at the forefront of provid-
ing skin cancer detection datasets, named the ISIC 2024 dataset, which comprises 401,059
images and offers a rich resource for developing deep learning approaches to distinguish be-
tween malignant and benign skin lesions. Notably, the quality of single-lesion crops obtained
from 3D-TBP is comparable to that of smartphone photographs, which are regularly sub-
mitted for telehealth purposes. These captured images using 3D-TBP technology provide
a holistic view of the skin surface, thereby enhancing the detection capabilities of AI mod-
els. By leveraging this extensive dataset, researchers and developers can more effectively
train and validate algorithms, thereby improving diagnostic accuracy and contributing to
better patient outcomes in skin cancer treatment. Collaborating and sharing such valuable
resources represents a significant advance in the ongoing fight against skin cancer. However,
the ISIC 2024 dataset presents a significant challenge in the form of class imbalance, with
only 393 images labeled as malignant out of 401,059 samples. Additionally, integrating mul-
timodal data by combining image features with patient metadata remains a complex task
that requires sophisticated modelling techniques to achieve high performance.

To address the challenges of the ISIC 2024 dataset, this study proposes FusionNetX, a
multimodal framework combining deep learning for image analysis with tree-based ensemble
classifiers for metadata. The main contributions are as follows: (1) Advanced preprocess-
ing, feature engineering, and ensemble learning to mitigate class imbalance and improve
model generalization; (2) Integration of CNN and Transformer-based models for precise
visual feature extraction, complemented by metadata-based tree ensembles for enhanced
diagnostic accuracy; (3) Incorporation of Generalized Mean Pooling (GeM) and Adaptive
Average Pooling to retain discriminative features and ensure consistent representation; And
(4) demonstration of strong generalization on external datasets (HAM10000 [5], PH2 [6]),
confirming robustness and reliability for clinical deployment.

The rest of this paper is organized as follows: Section 2 reviews related work on ISIC
datasets, skin-cancer detection, and multimodal fusion; Section 3 describes the proposed Fu-
sionNetX method, including preprocessing and architecture; Section 4 presents and discusses
the experimental results; Section 5 concludes and outlines future work.

2. RELATED WORK

2.1. ISIC 2024 dataset

The international skin imaging collaboration (ISIC) has been instrumental in advancing
research in skin lesion analysis by providing comprehensive, publicly available datasets. The
ISIC 2024 dataset [7, 8] builds upon these efforts, offering a more extensive and diverse
collection of images captured using 3D-TBP technology, thereby enabling the development
of more robust and generalizable models.
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Origin and composition. The ISIC 2024 dataset, also known as SLICE-3D, was
created to address the shortcomings of previous skin lesion datasets, which often relied on
dermoscopic images prone to selection bias and were primarily suitable for specialist use.
By utilizing 3D Total Body Photography (3D TBP) with 92 DSLR cameras [9], SLICE-3D
systematically captures the entire skin surface, thereby reducing bias and producing images
with optical resolution comparable to those of smartphone photos. This approach aims to
facilitate the development of skin cancer screening tools applicable in broader settings like
primary care and teledermatology. Data collection involved over 1,000 patients from seven
international dermatology centers between 2015 and 2024, under strict ethical approval in
this study.

The curation process involved the VECTRA WB360 system and standardized tools to
extract over 400,000 de-identified 15×15 mm image crops with associated metadata [9].
Lesions were labeled based on pathology reports (strong labels, confirmed by biopsy [9, 10,
11]) or clinical evaluation (weak labels), resulting in a dataset with significant class imbalance
favoring benign cases.

Data analysis. The ISIC 2024 dataset comprises a vast collection of 401,059 images,
of which only 393 are labelled as malignant, and the remaining are benign. This extreme
class imbalance poses significant challenges for machine learning models, as they must accu-
rately identify rare malignant cases within an overwhelmingly benign dataset. Traditional
models may overfit benign samples, leading to high accuracy in general but low sensitivity
to malignant cases. Addressing this imbalance is crucial for achieving reliable performance
in practical clinical applications where accurate malignant detection is essential.

The ISIC 2024 dataset features predominantly low-resolution images, mostly with dimen-
sions under 256 × 256 pixels (often 128 × 128–156 × 156), which is significantly lower than
those in datasets like ISIC 2020. While this presents a challenge for model accuracy in cap-
turing subtle features, the images still retain enough detail to analyze crucial characteristics
for malignancy detection, such as irregular borders, color variation, and asymmetry. Fur-
thermore, image quality varies significantly depending on the imaging source and settings.
Clinical images (from dermoscopes/3D systems) are typically of higher quality, providing
valuable information such as the “ugly duckling sign.” In contrast, telemedicine images
taken by patients on smartphones often suffer from lower quality due to factors like poor
lighting and inconsistent focus.

Figure 1: Sample images from a patient (30 out of 209 images)
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The dataset contains diverse benign and malignant lesions from various patients, show-
casing significant variation in appearance (texture, color and shape), even within individual
cases (e.g., Figure 1). This visual complexity presents a key challenge but is crucial for
training robust algorithms capable of discerning subtle differences for accurate classification.

In addition to image data, the ISIC 2024 dataset includes rich metadata describing patient
demographics and lesion characteristics. Key fields cover diagnostic information such as
lesion ID, melanoma thickness, mitotic index, age, sex, anatomical site, lesion size, and color
or symmetry metrics. These features provide valuable clinical context that complements
image-based information, enabling multimodal models to learn both visual and non-visual
patterns. By integrating metadata with image features, models can achieve higher diagnostic
accuracy, improved interpretability, and more reliable performance in real-world skin cancer
detection.

2.2. CNNs for skin cancer detection

Convolutional neural networks (CNNs) have been widely adopted for skin lesion clas-
sification due to their ability to capture local features essential for distinguishing between
benign and malignant lesions [12]. Early studies leveraged pre-trained CNN models such as
ResNet [1], EfficientNet [2], and DenseNet [3], demonstrating notable success in skin cancer
classification on datasets like ISIC. For example, in the SIIM-ISIC Melanoma Classifica-
tion Challenge (2020), an ensemble model combining multiple CNN architectures, primarily
based on EfficientNet, won the competition due to its high diagnostic accuracy in identifying
melanoma [13]. These CNN-based methods laid the groundwork for the next generation of
models that combine CNNs with other advanced architectures, thereby allowing for improved
generalization and integration with additional data sources.

Previous research, such as the work by Ha et al. [13], applied an ensemble of CNN
models to the ISIC 2020 dataset and achieved impressive diagnostic results by utilizing high-
resolution images and primarily image-based features. However, when we transition to the
ISIC 2024 dataset, significant limitations emerge. The images in ISIC 2024 are considerably
smaller (under 256× 256 pixels) compared to the larger images (around 1024× 1024 pixels)
used in previous datasets. This decrease in image resolution hampers the CNN’s ability to
capture fine local details, a strength of CNNs when working with high-resolution images [14].
Additionally, while efforts have been made to integrate patient metadata into CNN models,
these methods typically use metadata in a limited manner. Despite the abundant metadata
available in ISIC 2024 (55 features for training and 44 for testing), past studies have not
fully utilized this rich source of diagnostic data [13].

CNNs are well-suited for extracting local features from high-resolution images but strug-
gle to capture critical details when resolution decreases. In low-resolution settings such as
ISIC 2024, metadata becomes an essential complementary source of diagnostic information.
However, existing CNN-based methods have not fully leveraged this metadata or effectively
addressed data imbalance, underscoring the need for multimodal approaches that integrate
image and metadata features to improve diagnostic accuracy and robustness.

2.3. Transformers for skin cancer detection

Transformers, initially developed for natural language processing, have shown exceptional
potential in visual tasks through self-attention mechanisms. The seminal work “Attention is
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All You Need” [15] introduced the concept of self-attention, which enables models to learn
long-range dependencies in data more effectively than traditional convolutional or recurrent
layers. Vision Transformers (ViTs) extend this concept to the visual domain by dividing an
image into patches and treating each patch as a token, allowing the model to capture global
contextual information across the image [16]. Research indicates that Vision Transformers
(ViTs) are effective in classifying medical images, particularly when utilizing methods such
as data augmentation and synthetic image generation to tackle class imbalance. A main
advantage of Transformers is that they are good at capturing long-range connections in
data, helping to understand the overall context better, which is often hard for CNNs.

For instance, in skin cancer detection, Cai et al. [17] developed a multimodal Trans-
former that integrates image data and metadata using dual encoders, leading to improved
accuracy in comparison to traditional CNNs. Another study, Krishna et al. [18], used ViT-
GANs (Vision Transformers combined with Generative Adversarial Networks) to generate
synthetic images for rare classes, thus balancing the dataset and improving model robust-
ness. These studies demonstrate the efficacy of Transformer models in handling complex,
imbalanced medical datasets, further supporting their use in multimodal approaches. How-
ever, careful consideration is needed regarding factors that may influence the performance
of Transformers, especially ViTs, when applied to the ISIC 2024 dataset.

Transformer-based approaches, such as the multimodal model developed by Cai et al. [17]
and the LesionAid study using ViT-GANs [18], have shown potential by combining image
data with metadata and utilizing synthetic image generation to address data imbalance. De-
spite these promising results, when these approaches are applied to the ISIC 2024 dataset,
significant limitations arise. Vision Transformers (ViTs) were originally designed for high-
resolution image processing. Their performance, however, can be compromised when applied
to the smaller images (under 256×256 pixels) common in ISIC 2024. Moreover, while some
studies have incorporated metadata into Transformer models, this integration is often sec-
ondary to the focus on image-based features. This limited integration of metadata, which is
especially rich in ISIC 2024, means that previous Transformer models may not fully leverage
all the diagnostic information available.

Transformer models also encounter limitations in datasets like ISIC 2024. Although they
effectively capture global dependencies through self-attention, dividing images into patches
can lead to the loss of fine local details, especially in low-resolution images. Existing studies
integrating metadata into Transformers [19] often treat it as auxiliary rather than essential,
and approaches like ViT-GANs focus on image quality rather than data fusion. Hence, fu-
ture research should develop Transformer-based frameworks that better integrate image and
clinical metadata while addressing class imbalance for more accurate skin cancer classifica-
tion.

2.4. Multimodal fusion for skin cancer detection

The integration of image data with metadata is increasingly recognized as a powerful
approach for enhancing diagnostic performance in skin disease classification. Early studies
primarily focused on image-only models, but recent research has demonstrated that com-
bining metadata with image features can substantially improve classification accuracy [17].
In a recent work, Cai et al. [17] employed a multimodal Transformer architecture utilizing
dual encoders for processing image and metadata inputs, along with a cross-attention mech-
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anism in the decoder to fuse these heterogeneous features. This design achieved a notable
improvement in diagnostic performance on the ISIC dataset by effectively leveraging both
visual and clinical contextual information.

Similarly, Aladhadh et al. [20] introduced the Medical-ViT framework, which enriches
skin lesion image representations with metadata to provide contextual insights. Their model
achieved a test accuracy of 96.14% on the ISIC dataset, underscoring the critical importance
of multimodal fusion in capturing complex correlations between visual and non-visual cues.
Such fusion-based methods significantly enhance the robustness and diagnostic accuracy of
automated systems for skin cancer detection, paving the way for next-generation computer-
aided dermatological analysis.

2.5. Research gap

Despite notable advances in CNN, Transformer, and multimodal-based methods for skin
cancer detection, several key challenges remain. Most existing models are optimized for high-
resolution images, whereas datasets like ISIC 2024 contain predominantly low-resolution
samples (below 256×256 pixels), which limit fine-grained feature extraction. Severe class
imbalance (≈99.9% vs. 0.1%) further biases model learning, while current fusion strategies
underutilize valuable clinical metadata by treating it as auxiliary information. To overcome
these issues, this study introduces FusionNetX, a comprehensive multimodal framework de-
signed to enhance feature representation, balance learning, and improve diagnostic reliability
in skin cancer detection.

3. FUSIONNETX FRAMEWORK: A MULTIMODAL APPROACH FOR
SKIN CANCER DETECTION

This study introduces FusionNetX (Figure 2), a robust multimodal framework that in-
tegrates image and metadata from the ISIC 2024 dataset. It consists of three core modules:
(i) Data preprocessing and feature engineering, (ii) Multimodal feature extraction, and (iii)
Ensemble classification. FusionNetX is specifically designed to address severe class imbalance
and exploit complementary visual and clinical information to improve diagnostic accuracy.

3.1. Data preprocessing

Image data processing. Images from the ISIC 2024 dataset are resized to 224×224
pixels and normalized using ImageNet statistics to ensure input consistency and enable effec-
tive transfer learning. Data augmentation techniques, including random cropping, rotation,
flipping, and color jittering, are applied to enhance generalization and mitigate overfitting
by simulating real-world variations in lighting and orientation. These steps not only improve
robustness and convergence stability but also optimize computational efficiency for advanced
architectures such as ConvNeXtV2 and Vision Transformers within the FusionNetX frame-
work.

Metadata processing. Metadata containing patient demographics and lesion char-
acteristics undergoes preprocessing to enhance data quality and feature richness. Missing
numerical values are imputed with the median, while categorical variables (e.g., gender, site,
and lesion type) are encoded using One-Hot Encoding. Numerical features are normalized
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per patient to reduce individual variability, and new features such as lesion size ratio and
shape index are derived to capture clinical relevance. To address class imbalance, Rando-
mOverSampler and RandomUnderSampler are employed, ensuring balanced representation
and improving model robustness. Collectively, these preprocessing steps strengthen Fusion-
NetX’s ability to learn discriminative patterns and generalize effectively across diverse clinical
scenarios.

Figure 2: The FusionNetX framework for skin cancer detection

3.2. Out of folds prediction feature

The out-of-folds (OOF) prediction feature module serves as the cornerstone of the Fu-
sionNetX model, meticulously engineered to extract rich, meaningful representations from
image data. This module comprises two key components: Image Feature Extraction via
CNNs and Transformers, and GeM and Adaptive Average Pooling. Together, these compo-
nents enhance the model’s ability to capture both fine-grained and broad patterns in skin
lesion images, which are crucial for accurate classification. The combination of advanced ar-
chitectures like ConvNeXtV2 and Vision Transformer (ViT) allows for comprehensive feature
extraction. At the same time, GeM Pooling offers flexible, dynamic aggregation of features,
and Adaptive Average Pooling standardizes output sizes to ensure consistency. This synergy
improves the model’s robustness, reduces overfitting, and enables it to generalize well to
unseen data, ultimately ensuring high accuracy in skin cancer detection tasks.
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3.2.1. Image feature extraction via CNNs and transformers

At the image feature extraction stage, preprocessed lesion images are fed into multiple
state-of-the-art architectures, including ConvNeXtV2 [21] and vision transformers (ViT-tiny
and ViT-small) [16]. ConvNeXtV2, a convolutional network inspired by Transformer de-
sign, captures local spatial patterns, while ViT models learn global contextual relationships
through attention mechanisms. All models are fine-tuned on lesion images, and their out-
puts are passed through fully connected layers to distill high-level features for subsequent
classification.

Multi-scale pooling is applied in ConvNeXtV2 to aggregate features captured at different
receptive fields using GeM Pooling [22]. By combining features from multiple kernel sizes
(e.g., 31×31 and 3×3) [23], the model effectively learns both fine-grained details and broader
structural patterns. The aggregated feature map is then processed through an Adaptive
Average Pooling layer to standardize the output size (typically 1× 1), ensuring consistency
regardless of input resolution. This combination enables ConvNeXtV2 to capture multi-scale
representations, enhancing its ability to detect lesions of varying sizes and shapes.

Xmulti-scale =
∑

k∈{3,5}

wk ·GeMk(X), (1)

where wk represents learnable weights that are specifically assigned to each kernel size k,
allowing the model to adaptively weigh the contribution of features from different scales.
GeMk(X) denotes the output obtained by applying Generalized Mean (GeM) pooling with
a kernel size k to the input feature map X. The output from the multi-scale pooling stage,
Xmulti-scale, then undergoes adaptive average pooling, formulated as

Xpooled = AdaptiveAvgPool2d
(
Xmulti-scale, output size = (1, 1)

)
. (2)

Here, Xpooled represents the final output feature map after adaptive pooling, which is
standardized to a specified output size, in this case (1, 1), effectively creating a global average
representation of the multi-scale features.

ConvNeXtV2 employs GeM and Adaptive Average Pooling to capture subtle structural
variations in lesions, while ViT-tiny and ViT-small utilize self-attention to model global con-
textual relationships across image regions. Together, these architectures complement each
other, ConvNeXtV2 excels at extracting fine-grained local details through convolution and
multi-scale pooling, whereas ViT captures long-range dependencies essential for understand-
ing lesion morphology.

Both networks incorporate normalization, residual connections, and adaptive pooling for
stable and robust training on diverse medical images. After feature extraction, outputs from
each model are passed through fully connected layers to generate out-of-fold predictions
during StratifiedGroupKFold cross-validation, which are subsequently used as inputs for the
final ensemble classifier.

3.2.2. GeM and adaptive average pooling

In deep learning models for skin lesion classification, pooling layers play a crucial role
in capturing discriminative features across multiple scales. FusionNetX employs GeM and
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Adaptive Average Pooling to enhance feature extraction from dermoscopic images, empha-
sizing subtle details vital for distinguishing malignant from benign lesions.

GeM [23] generalizes traditional pooling methods such as average and max pooling by
introducing a learnable parameter p that controls the degree of aggregation during pooling

e =

( 1

|Ω|
∑
u∈Ω

x p
c,u

)1
p


c=1,...,C

. (3)

GeM pooling allows FusionNetX to adaptively control the level of detail captured from
lesion images, emphasizing salient textures and regions critical for malignancy detection. It
balances fine-grained feature retention with broader contextual understanding, consistent
with prior findings on GeM’s effectiveness in image classification and retrieval [22]. Com-
plementarily, Adaptive Average Pooling standardizes feature map dimensions regardless of
input resolution, mitigating information loss found in standard pooling and preserving fine
details for precise classification [24]. Together, these pooling layers ensure stable training
and produce consistent, detail-rich feature representations, which are essential for robust
medical image analysis.

3.3. Features fusion

After image features are extracted from multiple image models, these features are then
combined with metadata to create a comprehensive representation for skin cancer classifi-
cation. Specifically, after running the image models through Out-of-fold cross-validation,
each image model will produce predictions across five folds. In total, there are four different
image models applied to the dataset, and each model’s predictions will be organized into
five folds, resulting in four columns of features. These four columns represent the predicted
probabilities of the image models (in terms of the likelihood of malignancy) for each of the
five folds.

Mathematically, for each image model i, the prediction in fold j for an image xk (where
k indexes each image) can be represented as Pij(xk), where Pij(xk) ∈ [0, 1] is the probability
of malignancy predicted by the i-th image model for the j-th fold of image xk.

Given four image models, the final set of image feature vectors for an image xk across
five folds will be

Fimage(xk) = [P1j(xk), P2j(xk), P3j(xk), P4j(xk)] for j = 1, 2, 3, 4, 5. (4)

This results in four columns of feature values for each image xk, corresponding to the
predictions across the five folds of the four image models. These sets of features Fimage(xk)
are then concatenated with the metadata features M(xk), which include clinical information
such as age, gender, and other patient-specific attributes. The complete feature vector for
an image xk is then formed as

Ffusion(xk) = [Fimage(xk), M(xk)]. (5)

The final fusion of features Ffusion(xk) combines both image features (predicted prob-
abilities of malignancy) and metadata, ready for further processing (e.g., classification or
regression) by a machine learning model.
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This Multimodal Fusion approach enables the model to leverage the complementary in-
formation from both image and metadata, to improve classification accuracy. By combining
predictions from multiple image models with rich clinical metadata, the model can com-
pensate for the weaknesses of individual sources of data, especially in cases where image
resolution is low, as is common with the ISIC 2024 dataset. This fusion strategy allows the
model to focus not only on the image features but also on the underlying clinical context,
improving its robustness in the diagnostic process.

3.4. Voting ensemble

In this final stage, both the image-based OOF predictions and the metadata features are
combined through a Voting Ensemble. The formula for the ensemble prediction Pe is

Pe =
1

N

N∑
i=1

Pmodeli , (6)

where Pe is the final ensemble prediction probability, Pmodeli is the prediction probability
from each model (e.g., LightGBM, XGBoost, and CatBoost, and N is the number of models
in the ensemble (in this case, N = 3).

The Voting Ensemble in FusionNetX mitigates individual model biases by averaging
predictions across multiple models and cross-validation folds. This dual-averaging strategy
enhances robustness, minimizes overfitting, and improves generalization to unseen data. By
leveraging the collective intelligence of diverse learners, FusionNetX achieves higher reli-
ability and predictive accuracy, making it well-suited for real-world skin cancer detection
applications.

4. EXPERIMENT AND RESULTS

4.1. Experiment setup

Dataset and task. Experiments were conducted on the ISIC 2024 Kaggle dataset
containing 401,059 dermatoscopic images with an extreme benign-to-malignant imbalance
(≈1000:1). The task is binary classification, distinguishing benign from malignant lesions,
using both images and metadata. FusionNetX combines CNN-based image features with gra-
dient boosting decision trees (GBDT) to improve tabular learning under imbalance. Model
performance was assessed via 5-fold cross-validation (CV) following top ISIC 2024 compe-
tition practices. As the official test labels remain undisclosed, evaluation relied on pAUC
scores submitted to the Kaggle platform.

Experimental environment. All experiments were executed on Kaggle using NVIDIA
P100 GPUs. The implementation employed PyTorch, scikit-learn, and Optuna [25], ensuring
a consistent and reproducible setup.

Data partitioning and validation. A 5-fold StratifiedGroupKFold strategy was
adopted to prevent data leakage, maintaining class balance while grouping all images of each
patient (patientid) within the same fold. Training and validation used only the provided
training set, with the public test set (28%) used for feedback and the private test set (72%)
for final leaderboard evaluation.
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Model design and training. To extract key visual features from dermatoscopic images,
three architectures were utilized: ConvNeXtV2-Nano, ViT-Tiny, and ViT-Small, combining
convolutional neural networks (CNNs) and vision transformers (ViTs). These models were
selected for their proven efficiency and effectiveness in image recognition tasks, balancing
model complexity with computational feasibility for large datasets like ISIC 2024. The
training hyperparameters for these models are detailed in Table 1.

Table 1: Hyperparameters for image models

Parameter ConvNeXtV2 ViT-Tiny ViT-Small
Model name convnextv2 nano vit tiny patch16 vit small patch16
Learning rate (LR) 1e-4 1e-4 1e-4
LR decay – 1.0 1.0
Batch size 32 32 32
Image size 224 224 224
Epochs 30 30 30
Scheduler LR CosineAnnealingLR CosineAnnealingLR CosineAnnealingLR
T max (Scheduler) 500 500 500
Warmup Ratio 0.05 0.05 0.05
Min LR 1e-6 1e-6 1e-6

To address specific dataset nuances, two specialized ViT models (Tiny and Small) were
trained on a curated subset C, defined as

C = {x | y = 1, iddx1 = label, iddx2 ̸= NaN}, followed by y = target. (7)

This subset targets malignant cases with diagnostic metadata (iddx1 and iddx2), preva-
lent in the training set but potentially underrepresented in the test set, thus enhancing model
robustness for these patterns.

Table 2: Hyperparameters for tree-based models

Parameter LightGBM CatBoost XGBoost
Objective binary Logloss binary
Boosting Type gbdt – hist
Random State 42 42 42
Learning Rate 0.03231 0.06936 0.08501
Max Depth 4 7 6
Subsample – 0.6249 0.6013
Number of Leaves 103 – –
Colsample by Tree 0.83296 – 0.84378
Min Data in Leaf 85 24 85
Scale Pos Weight 2.7984 2.6149 3.2944
Device cpu gpu cpu
Iterations 200 250 100

FusionNetX integrates high-performance tree-based classifiers, LightGBM, CatBoost,
and XGBoost, from scikit-learn for metadata processing. These models were chosen
for their efficiency on tabular data, robustness to noise, and ability to model non-linear fea-
ture interactions. Hyperparameters were optimized using Optuna (Table 2). To mitigate
class imbalance, oversampling and undersampling were applied alongside comprehensive fea-
ture engineering, including missing-value imputation, categorical encoding, and interaction
feature creation.

FusionNetX employs an ensemble of four models: (i) LightGBM (metadata-only), (ii)
LightGBM (image-enhanced metadata), (iii) CatBoost (image-enhanced metadata), and
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(iv) XGBoost (image-enhanced metadata). Final predictions are aggregated using a Vot-
ingClassifier with soft voting, which improves accuracy and stability on imbalanced data.
This multimodal ensemble design enhances diagnostic performance and generalization on
the ISIC 2024 dataset.

4.2. Evaluation metrics

The primary evaluation metric for this study is the partial area under the Receiver Op-
erating Characteristic curve (pAUC), which measures model performance within a clinically
significant range of the ROC curve. The standard area under the curve (AUC) quantifies a
classifier’s overall ability to distinguish between positive and negative cases across all thresh-
olds, with higher values indicating stronger discrimination. In contrast, pAUC focuses on a
specific high-sensitivity region, typically where the true positive rate (TPR) exceeds 80%,
to emphasize clinical relevance. This is particularly important in cancer detection, where
minimizing false negatives is critical. A larger pAUC value therefore indicates a model that
maintains high sensitivity while effectively controlling false positives.

To provide a more comprehensive evaluation, we also report Accuracy and Average Pre-
cision (AP). Accuracy measures the overall proportion of correctly classified samples and is
calculated as

Accuracy =
TP + TN

TP + TN + FP + FN
.

Average Precision (AP) summarizes the precision, recall relationship by averaging precision
values at different recall levels, where

Precision =
TP

TP + FP
.

Mathematically, AP is expressed as

AP =
∑
n

(Rn −Rn−1)Pn, (8)

where Pn denotes precision at recall level Rn. AP provides a more informative assessment
for imbalanced datasets, capturing the trade-off between precision and recall across multiple
thresholds.

4.3. Impact of advanced processing metadata techniques

To highlight the effectiveness of advanced metadata handling, we compared two prepro-
cessing approaches in Table 3 including a basic method using simple target encoding and
missing value imputation, which achieved pAUC scores of 0.15170 (public) and 0.14290 (pri-
vate), and the sophisticated techniques in FusionNetX, which incorporated enhanced missing
value handling and advanced feature engineering, significantly improving pAUC scores to
0.18024 (public) and 0.16040 (private).

This significant performance difference underscores the value of advanced metadata pro-
cessing in effectively leveraging non-image information to enhance model accuracy and ro-
bustness, particularly in scenarios where visual data may be insufficient.
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Table 3: Comparison of performance between simple and advanced metadata preprocessing
methods.

Method Public Score Private Score
Simple metadata processing 0.15170 0.14290
Advanced metadata processing (FusionNetX) 0.18024 0.16040

4.4. Evaluating image and metadata contributions

To understand the contribution of each component in our framework, we conducted ab-
lation studies by selectively removing image features or metadata features. As shown in
Table 4, the results confirm that both modalities contribute substantially to overall perfor-
mance. Image features provide the primary discriminative power, while metadata features
complement them by boosting classification accuracy and enhancing the model’s ability to
make accurate predictions.

Table 4: The results of an ablation study

Model Variant Public Score Private Score
Full multimodal model 0.18380 0.17295
Image-only model 0.15525 0.14151
Metadata-only model 0.18024 0.16040

Image features. The image-only model achieved pAUC scores of 0.15525 (public) and
0.14151 (private), showing that image features like pixel values, texture, and color patterns
are key for distinguishing malignant from benign lesions. However, its performance was lower
than the full multimodal model, indicating limitations in cases with visually ambiguous or
indistinct lesion characteristics.

Metadata features. In contrast, the metadata-only model utilizes non-image features
like patient age, gender, and lesion location. While these results are lower than the full multi-
modal model, they demonstrate that metadata provides valuable supplementary information,
improving performance compared to the image-only model. Metadata enables the model to
learn contextual patterns and correlations not directly visible in the images, highlighting the
importance of clinical context. However, the results also indicate that metadata alone is
not sufficient to reach the performance level of the full multimodal model, emphasizing the
benefit of combining it with image data.

Synergistic impact of combining. The full multimodal model significantly outper-
formed both the image-only and metadata-only models. This demonstrates the synergistic
effect of combining image and metadata features. Image features provide detailed visual
information crucial for lesion classification, while metadata offers contextual knowledge that
enables more informed predictions. This combination allows the model to handle a broader
range of cases, including those where visual data alone might be insufficient.

The ablation studies highlight the importance of integrating both image and metadata
features. The full multimodal model outperformed both image-only and metadata-only
models, demonstrating the synergistic effect of combining these data sources. Additionally,
removing the ensemble voting mechanism resulted in a noticeable drop in performance,
emphasizing the value of ensemble learning in enhancing model robustness.
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4.5. Experimental results on ISIC dataset

Table 5 summarizes the pAUC scores for the top 10 teams in the ISIC 2024 Challenge [7],
including our proposed framework, FusionNetX. The rankings are based on private scores,
which are calculated on a hidden test dataset to ensure fair evaluation and assess model per-
formance on unseen data. The public scores, derived from a separate validation set, provide
additional insight into the models’ capabilities during the competition. This table highlights
the competitive nature of the challenge and the high performance of the participating teams.

The results in Table 5 reveal that FusionNetX, our proposed framework, achieved the
highest private score (0.17295), demonstrating superior generalization performance com-
pared to the other top teams. Despite having a slightly lower public score (0.18380) than
some competitors, FusionNetX outperformed them on the private leaderboard, which is the
primary metric for ranking. The second-place team, Ilya Novoselskiy, followed closely with
a private score of 0.17273, highlighting a marginal difference. Notably, Sinan Calisir, who
achieved the highest public score (0.18734), ranked 10th in the private score, emphasizing
the importance of evaluating models on unseen data to avoid overfitting.

Table 5: pAUC scores sorted by private score for top 10 teams in the ISIC 2024 challenge,
including the proposed framework.

No Team Public Score Private Score
1 FusionNetX (our model) 0.18380 0.17295
2 Ilya Novoselskiy 0.18611 0.17273
3 Yakiniku 0.18635 0.17243
4 KS 0.18421 0.17229
5 BiBanhBao 0.18274 0.17225
6 Kanna Hashimoto friends 2 0.18323 0.17210
7 xck 0.18259 0.17192
8 Former ZLP-DSs 0.18498 0.17163
9 Ujjwal Pandey 0.18078 0.17158
10 Sinan Calisir 0.18734 0.17146

Many of the top teams in the ISIC 2024 Challenge adopted similar methodologies, cen-
tering on multimodal fusion of image features and patient metadata, combined with en-
semble learning and hyperparameter tuning. For example, the runner-up team led by Ilya
Novoselskiy focused heavily on synthetic data augmentation to address class imbalance but
placed less emphasis on fine-tuning their models, which may have limited their private score
(0.17273). Another strong competitor, the Yakiniku team, employed a large-scale ensemble
of 54 tree-based models with extensive feature engineering. While effective in many respects,
such complexity may have introduced redundancy and reduced generalization to unseen data.

The results highlight that our proposed FusionNetX framework effectively leverages the
combined strengths of image and metadata features to address the challenges of extreme
class imbalance in the ISIC 2024 dataset. By integrating deep learning-based image feature
extraction with tree-based ensemble models like LightGBM, CatBoost, and XGBoost, Fu-
sionNetX surpassed approaches relying solely on image or metadata data. This multimodal
design proved crucial for achieving superior performance, particularly in clinically significant
high-sensitivity regions. The consistent alignment between public and private scores fur-
ther validates the framework’s robust generalization capabilities, positioning it as a reliable
solution for skin cancer detection.
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4.6. Experimental results on HAM10000 and PH2 datasets

To assess the generalizability of FusionNetX, additional experiments were conducted
on two benchmark datasets: HAM10000 and PH2. These evaluations tested the model’s
robustness across different lesion types and real-world conditions. The experimental setup
followed the same methodology as in ISIC 2024, with minor hyperparameter adjustments:
20 training epochs and a batch size of 128 for HAM10000, and 80 epochs with a batch size
of 64 for PH2. These settings ensured stable training and optimal performance on datasets
of varying size and complexity.

Table 6: Comparison results on HAM10000 dataset

Model Accuracy AUC Average Precision
IRv2+soft attention 93.4 0.984 0.937
FusionNetX (our model) 95.2 0.995 0.885

The FusionNetX model achieves superior performance on the HAM10000 dataset, sur-
passing the IRv2+Soft Attention model [26] in terms of both accuracy and AUC. As shown
in Table 6, while the average precision of FusionNetX is slightly lower than IRv2+Soft At-
tention, its significantly higher AUC and accuracy suggest a more robust performance in
terms of overall classification accuracy and the model’s ability to distinguish malignant from
benign lesions.

Table 7: Results on PH2 dataset

Model Accuracy AUC Average Precision
FusionNetX (our model) 95.0 0.9844 0.9663

Similarly, on the PH2 dataset, as shown in Table 7, FusionNetX demonstrates high
accuracy, achieving an AUC of 0.9844 and an average precision of 0.9663. These results
highlight the model’s strong ability to generalize across different datasets, further validating
its robustness and effectiveness in skin lesion classification tasks.

The ablation study highlights the complementary roles of image and metadata features in
FusionNetX. Image features provide the necessary discriminative power, while metadata en-
hances accuracy and robustness, especially in challenging cases. The full multimodal model,
combining both features, achieves the best performance, demonstrating their synergistic im-
pact. The ensemble learning mechanism further improves robustness.

Experiments on the HAM10000 and PH2 datasets confirm the generalizability of Fu-
sionNetX, validating its effectiveness across different skin lesion classification tasks. These
results address the reviewers’ concerns and underscore the model’s potential for real-world
clinical applications in dermatology.

5. CONCLUSION AND FUTURE WORK

This study developed FusionNetX, a multimodal framework integrating deep learning-
based image feature extraction with tree-based ensemble classifiers for skin cancer detection
using the ISIC 2024 dataset. Our framework effectively addresses the challenges of extreme
class imbalance and ensures model generalization through sophisticated cross-validation tech-
niques. The achieved pAUC scores on both cross-validation and private test sets demonstrate
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the potential of our model for practical deployment in clinical settings, aiding in the early
and accurate detection of malignant skin lesions. Notably, FusionNetX secured the top po-
sition on the private leaderboard, achieving the highest private score (0.17295) among all
competitors. This top-ranking performance underscores the framework’s ability to generalize
effectively to unseen data, further highlighting its robustness and reliability for real-world
clinical applications. Furthermore, testing on external datasets, including HAM10000 and
PH2, confirmed its robustness across various skin lesion types. These outstanding results
reinforce FusionNetX’s role in advancing skin cancer diagnosis, ultimately improving patient
prognosis and treatment opportunities.

Although FusionNetX achieved strong performance, its reliance on the ISIC 2024 dataset
limits the generalizability of the results. The absence of a public test set and restricted
computational resources on Kaggle hindered the evaluation of larger models and broader
comparisons. Moreover, the competition’s emphasis on pAUC excluded key clinical metrics
such as sensitivity and accuracy. These constraints affected comprehensive validation, but
the findings still demonstrate the model’s robustness and potential for clinical deployment.

Future research will address these limitations by employing synthetic data generation
to improve robustness and exploring advanced models such as MedViT and BEiT for en-
hanced feature extraction. Additional evaluations using sensitivity and accuracy will ensure
better clinical relevance. We also plan to refine ensemble strategies, notably, a seven-model
LightGBM ensemble already improved performance (pAUC 0.18131 public, 0.16581 private),
suggesting further potential for optimization and real-world application.
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