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Melanoma remains one of the most aggressive forms of skin cancer, and timely diagnosis 

is essential for improving survival outcomes. Recent advances in deep learning and 

transfer learning have substantially improved the automated classification of dermoscopic 

images, yet many single-model systems remain vulnerable to overfitting, instability, and 

limited generalization when trained on relatively small medical datasets. To address these 

challenges, this study proposes a robust stacking ensemble framework that combines 

DenseNet169, EfficientNetV2B0, and MobileNetV2 as base learners, with XGBoost 

serving as the meta-classifier. The architecture is designed to exploit the complementary 

strengths of lightweight convolutional neural networks (CNNs) while preserving 

computational efficiency and model reproducibility. The proposed workflow includes 

transfer learning, batch normalization, dropout regularization, standardized meta-feature 

construction, and ensemble learning. A review of the literature indicates that ensemble 

learning, threshold refinement, and transfer learning can each improve melanoma 

classification performance, but that these strategies are often implemented in isolation 

rather than in a unified clinical pipeline. Experimental results indicate that the proposed 

stacking strategy provides competitive classification performance and a favorable balance 

across key evaluation metrics. The selected G3 configuration, based on XGBoost with 40 

training epochs, achieved 92.00% accuracy, 92.20% sensitivity, 91.80% specificity, 

91.83% precision, 92.02% F1-score, and an area under the receiver operating characteristic 

curve (ROC-AUC) of 97.74% at the selected operating point. From an instrumentation and 

measurement perspective, the framework treats dermoscopic images as quantitative 

medical imaging data acquired through dermoscopic systems and provides an AI-assisted 

analysis layer for diagnostic measurement workflows. The framework is therefore 

positioned as a practical foundation for computer-aided melanoma detection, with 

potential value for clinical decision-support systems and future deployment in resource-

conscious healthcare settings. 
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1. INTRODUCTION

Melanoma is one of the most aggressive forms of skin 

cancer because of its high metastatic potential and the strong 

dependence of patient survival on early diagnosis. Although 

significant advances have been achieved in surgical and 

immunological therapies, delayed detection remains a major 

cause of poor clinical outcomes. Consequently, early 

screening has become a central objective in dermatology, with 

dermoscopic imaging serving as a widely adopted non-

invasive technique for examining suspicious skin lesions [1-

3]. From a medical instrumentation and measurement 

perspective, dermoscopic images can be regarded as 

measurement data acquired by non-invasive dermoscopic 

imaging instruments. The proposed AI framework acts as an 

auxiliary analysis module that processes these measured image 

data and converts visual information into quantitative 

diagnostic indicators, such as sensitivity, specificity, and 

classification probabilities. In this sense, the system can be 

integrated into a computer-aided diagnostic measurement 

workflow to support clinicians in the assessment of suspicious 

skin lesions. Despite its clinical value, dermoscopic 

interpretation remains challenging because early-stage 

melanoma often shares visual characteristics with benign nevi, 

including similar color distributions, border irregularities, and 

structural patterns. Diagnostic performance therefore depends 

heavily on clinician expertise and may vary across observers, 

particularly in high-volume screening environments [4, 5]. 

Recent advances in artificial intelligence, particularly deep 

learning, have significantly improved automated medical 

image analysis. Convolutional neural networks (CNNs) 

automatically learn hierarchical image representations, 

eliminating the need for handcrafted feature extraction. 

Moreover, transfer learning enables knowledge acquired from 
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large-scale natural-image datasets to be effectively adapted to 

dermoscopic image analysis, making high-performance 

classification feasible even when medical datasets are 

relatively limited. Previous studies have also demonstrated 

that ensemble learning can enhance predictive robustness by 

combining complementary feature representations extracted 

by different CNN architectures [6-9]. 

Nevertheless, several practical challenges remain before 

these systems can be reliably adopted in clinical practice. 

Individual CNN models are often susceptible to overfitting, 

prediction instability, and sensitivity to variations in imaging 

conditions. Furthermore, many existing studies emphasize 

overall classification accuracy while paying limited attention 

to clinically important issues such as minimizing false-

negative diagnoses, ensuring reproducibility, maintaining 

computational efficiency, and selecting decision thresholds 

that appropriately balance sensitivity and specificity. These 

limitations reduce the practical value of automated melanoma 

classification systems and hinder their adoption in real clinical 

environments [5, 10-12]. 

The growing demand for scalable diagnostic support further 

highlights the need for robust artificial intelligence solutions. 

Many healthcare systems face shortages of dermatology 

specialists, making timely assessment of suspicious skin 

lesions difficult. Consequently, artificial intelligence is 

increasingly viewed as a decision-support technology that 

complements rather than replaces clinicians by improving 

triage, supporting teledermatology, and facilitating large-scale 

screening programs [4, 11, 13]. 

Motivated by these clinical and technical challenges, this 

study addresses the need for a lightweight, robust, and 

clinically applicable melanoma classification framework. 

Unlike many existing approaches that rely on a single CNN 

architecture, fixed decision thresholds, or computationally 

demanding ensemble models, the proposed framework 

integrates transfer learning from three complementary 

pretrained CNNs—DenseNet169, EfficientNetV2B0, and 

MobileNetV2—through a stacking ensemble using an 

XGBoost meta-learner [14, 15]. In addition, clinically 

informed threshold optimization is employed to achieve a 

more appropriate balance between sensitivity and specificity, 

thereby reducing the risk of missed melanoma cases while 

preserving diagnostic reliability. By combining 

complementary feature representations with computational 

efficiency, reproducibility, and clinically relevant evaluation 

metrics, the proposed framework provides an effective 

decision-support solution for automated melanoma 

classification and demonstrates its potential for practical 

deployment in dermoscopic imaging workflows. 

 

 

2. LITERATURE REVIEW 
 

2.1 Deep learning for melanoma classification 

 

Deep learning has substantially advanced automated 

melanoma and skin lesion classification, with CNNs 

demonstrating performance comparable to dermatologists in 

some image-based classification tasks [1]. Unlike traditional 

handcrafted approaches, CNNs can automatically learn 

discriminative representations from lesion morphology, color, 

and texture. Recent reviews, however, emphasize that reported 

performance depends not only on the architecture but also on 

dataset composition, preprocessing, class balance, and 

validation strategy [5, 12, 16]. Consequently, meaningful 

comparison between studies requires careful consideration of 

the complete experimental pipeline. 

Recent research has also increasingly emphasized clinical 

relevance rather than benchmark performance alone. 

Prospective evaluations and systematic reviews highlight the 

gap between retrospective classification results and real-world 

clinical utility [4, 5]. For melanoma detection, this 

consideration is particularly important because false-negative 

predictions can delay treatment. Therefore, models should 

balance discriminative performance with sensitivity, 

computational efficiency, and clinically meaningful operating 

points. 

 

2.2 Transfer learning and lightweight convolutional neural 

network architectures 

 

Transfer learning is widely used in melanoma classification 

because pretrained networks can transfer representations 

learned from large datasets such as ImageNet to medical 

imaging tasks. This is particularly beneficial when annotated 

dermatological datasets are limited, reducing training 

requirements while providing effective initial feature 

representations. Transfer learning has been widely adopted for 

melanoma classification because pretrained CNNs can provide 

effective feature representations while reducing the training 

requirements associated with limited medical datasets [6, 8, 

17]. 

Lightweight CNNs have also attracted attention because 

they provide a favorable balance between predictive 

performance and computational cost. MobileNetV2 is 

designed for computational efficiency, EfficientNetV2B0 

provides efficient model scaling and training, and 

DenseNet169 promotes feature reuse through dense 

connectivity. Comparative studies have also demonstrated the 

effectiveness of transfer learning and lightweight deep-

learning architectures for melanoma and skin-lesion 

classification [4, 8]. These findings motivate the use of diverse 

pretrained CNNs in the present study, where MobileNetV2, 

EfficientNetV2B0, and DenseNet169 are combined to exploit 

complementary representations while maintaining a 

manageable computational cost. 

 

2.3 Ensemble learning and stacking strategies 

 

Ensemble learning can improve medical image 

classification by combining complementary predictions from 

multiple models. Stacking extends conventional voting 

approaches by using a meta-learner to learn how the outputs 

of different base learners should be combined [14]. This is 

particularly relevant to melanoma classification because 

different CNN architectures may capture complementary 

characteristics of dermoscopic lesions. 

Recent studies have reported strong performance from 

weighted and hybrid ensemble approaches on datasets such as 

International Skin Imaging Collaboration (ISIC) and 

HAM10000 [6, 7, 9, 18]. Other studies have demonstrated the 

potential of lightweight ensembles and combinations of deep 

learning with machine learning classifiers [9, 18]. Building on 

this literature, the present study employs DenseNet169, 

EfficientNetV2B0, and MobileNetV2 as complementary base 

learners and uses XGBoost as the meta-classifier. This design 

aims to exploit differences among CNN predictions while 

maintaining a computationally manageable stacking 
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architecture. 

Previous studies have indicated that model diversity can 

improve predictive performance, although computational cost 

and interpretability remain important considerations [12, 18]. 

The proposed framework addresses these considerations by 

limiting the ensemble to three pretrained CNNs and using a 

lightweight meta-learning stage. 

 

2.4 Threshold optimization and diagnostic balance 

 

Accuracy alone is insufficient for evaluating medical 

diagnostic systems because false negatives and false positives 

have different clinical consequences. In melanoma detection, 

sensitivity is particularly important because missed malignant 

lesions may delay treatment, while specificity remains 

relevant for limiting unnecessary clinical reviews. Threshold 

optimization therefore provides an important mechanism for 

converting probabilistic model outputs into clinically 

meaningful decisions. 

ROC-based approaches, including the Youden index, 

provide a principled method for selecting an operating point 

that balances sensitivity and specificity [19]. Recent medical 

AI studies emphasize that model selection should consider 

clinically relevant error profiles rather than relying exclusively 

on overall accuracy [10]. Accordingly, the present study 

incorporates sensitivity-oriented threshold optimization into 

the decision pipeline, allowing the operating point to reflect 

the priority of detecting malignant lesions. 

 

2.5 Research gap and motivation 

 

Despite substantial progress in transfer learning and 

ensemble-based melanoma classification, several limitations 

remain. Many existing approaches rely on individual 

pretrained architectures, while others employ ensemble 

strategies that may increase computational complexity [6, 7, 9, 

12, 17, 18]. Moreover, systematic reviews continue to identify 

external validation, explainability, and clinical translation as 

important challenges for melanoma AI systems [5, 16]. 

These limitations motivate a framework that combines 

architectural diversity with computational efficiency and 

clinically oriented decision optimization. The present study 

therefore integrates three complementary pretrained CNNs—

MobileNetV2, EfficientNetV2B0, and DenseNet169—with an 

XGBoost meta-learner and sensitivity-oriented threshold 

optimization. This combination is intended to exploit 

complementary image representations while maintaining a 

relatively compact and reproducible pipeline. The framework 

thus addresses the identified gap by moving beyond single-

model classification toward a stacking-based approach that 

considers both predictive performance and the clinical 

importance of the selected operating point. 

 

 

3. CONCEPTUAL FRAMEWORK 
 

Figure 1 illustrates the framework. It positions transfer 

learning-based deep neural networks as the principal 

predictive engine for melanoma detection, with ensemble 

stacking serving as the mechanism through which the outputs 

of multiple models are integrated. The independent variables 

are the three pretrained CNN architectures—MobileNetV2, 

EfficientNetV2B0, and DenseNet169—together with the 

XGBoost meta-learner. The dependent variable is melanoma 

classification performance, reflected through accuracy, 

sensitivity, specificity, precision, F1-score, and area under the 

receiver operating characteristic curve (ROC-AUC). The 

framework assumes that model diversity improves robustness 

and that a meta-learner can exploit complementary feature 

representations more effectively than any single backbone 

alone. 

The model is grounded in the assumption that melanoma 

detection benefits from both architectural diversity and 

clinically informed decision selection. MobileNetV2 

contributes computational efficiency, EfficientNetV2B0 

contributes balanced scaling, and DenseNet169 contributes 

dense feature reuse. When these outputs are combined through 

a meta-learner, with XGBoost selected as the final meta-

classifier, the resulting system is expected to exploit 

complementary information from the base learners. Such a 

system should reduce variance and improve robustness. This 

conceptual structure is consistent with established principles 

of ensemble learning [14] and clinical decision support [4, 11]. 

 

 
 

Figure 1. Conceptual framework diagram 

 

 

4. METHODOLOGY 

 

4.1 Study design 

 

The study adopts a comparative experimental design to 

evaluate a stacking ensemble for binary melanoma 

classification. The proposed framework employs three 

pretrained CNNs, namely MobileNetV2, EfficientNetV2B0, 

and DenseNet169, as base learners. Their predictions are 

subsequently combined using stacked generalization [14], 
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with XGBoost serving as the meta-classifier to model 

nonlinear relationships among the base-learner outputs [15]. 

The overall architecture of the proposed stacking framework 

for melanoma detection is illustrated in Figure 2. 

 

 
 

Figure 2. Conceptual framework of the proposed stacking 

ensemble for clinical melanoma detection 

This design is appropriate because the research objective is 

not to develop a novel segmentation procedure, but to test 

whether ensemble fusion of complementary feature extractors 

improves classification robustness and generalization. 

Transfer learning is used to reduce training burden and adapt 

the pretrained feature spaces to dermoscopic imagery, which 

is consistent with prior work in medical image analysis [6, 20]. 

The overall logic of the design is grounded in ensemble 

theory and clinical decision support. Rather than relying on 

one architecture to learn every diagnostic cue, the framework 

allows several networks to specialize differently and then 

combines their outputs through a second-stage learner. This is 

advantageous in melanoma detection, where lesion 

appearance can vary substantially across cases and where no 

single architecture is guaranteed to dominate across all subsets 

of images [7, 18]. The method therefore seeks both statistical 

diversity and operational stability. 

 

4.2 Dataset and preprocessing 

 

The experiments were conducted using the publicly 

available Kaggle Melanoma Skin Cancer Dataset [21], which 

was compiled from publicly available skin-lesion repositories, 

primarily the ISIC Archive and the HAM10000 dataset [22]. 

It comprises 9,605 images for model development and 1,000 

test images for final performance evaluation. The 9,605 

development images were divided into training (80%) and 

validation (20%) subsets, while the test set was kept separate 

and reserved exclusively for final evaluation. The training and 

validation subsets showed slight class imbalance, whereas the 

test set was balanced between benign and malignant lesions. 

The corresponding data distribution is summarized in Table 1, 

and representative benign and malignant samples from the test 

set are shown in Figure 3. During preprocessing, all images 

were resized to 224 × 224 pixels, represented in the RGB color 

space to ensure compatibility with the pretrained CNN 

architectures, and normalized prior to training. In addition, 

class weights were applied to mitigate residual class imbalance 

during fine-tuning. 

 

Melanoma_9617 Melanoma_9621 Melanoma_9633 

 
Melanoma 10127 Melanoma_10133 Melanoma_10144 

 

Figure 3. Six images of benign and malignant cases from the test dataset 
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Table 1. Distribution of dermoscopic image dataset splits for training, validation and testing 

 
Split Source Benign Malignant Total Role 

Train (ISIC + HAM1000)/Kaggle 4000 3684 7684 Model training 

Validation (ISIC + HAM1000)/Kaggle 1000 921 1921 Model validation 

Test (ISIC + HAM1000)/Kaggle 500 500 1000 Final evaluation 

 

4.3 Model training and fine-tuning 

 

Each base model is initialized with ImageNet weights and 

fine-tuned using a custom classification head consisting of 

global average pooling, batch normalization, and a dense layer 

with 512 neurons, dropout, and a sigmoid output layer. The 

Adam optimizer is used because it provides adaptive learning 

rates and stable gradient updates in non-convex training 

problems. Binary cross-entropy is employed as the loss 

function. Early stopping based on validation ROC-AUC is 

used to limit overfitting, while dropout regularization and 

batch normalization help improve generalization. These 

choices are consistent with strategies commonly reported in 

transfer-learning approaches for medical image classification 

[12, 17]. 

A training strategy with a batch size of 32 was employed to 

optimize memory utilization and improve the convergence 

behavior of the three deep neural networks. 

The combination of frozen backbone layers and selective 

fine-tuning helps preserve generic visual representations while 

adapting the final layers to dermoscopic texture and color 

patterns. Similar studies report that targeted fine-tuning can 

improve classification performance compared with training 

strategies that do not adequately adapt pretrained 

representations to the target domain. 

 

4.4 Stacking ensemble and threshold optimization 

 

To prevent information leakage, training meta-features 

were generated using a five-fold stratified out-of-fold (OOF) 

procedure. In each fold, the CNN base learners (MobileNetV2, 

EfficientNetV2B0, and DenseNet169) were trained on the 

remaining four folds and used to predict the held-out fold. The 

resulting OOF predictions were concatenated to form the 

meta-feature matrix for Logistic Regression and XGBoost. 

XGBoost was used to capture nonlinear relationships among 

base-model outputs, while Logistic Regression provided a 

linear alternative. 

The meta-learners were trained exclusively on OOF 

features, while validation and test predictions were generated 

separately. The test set was not used for training, 

hyperparameter optimization, or threshold selection and was 

reserved for final evaluation. A target sensitivity of 95% was 

specified as the operating criterion during validation-based 

threshold selection. Once selected, the threshold was fixed and 

applied unchanged to the test set, where the resulting 

sensitivity was evaluated without further threshold 

adjustment. 

Stacking enables the ensemble to learn the relative strengths 

of the base learners rather than treating them equally, 

providing a flexible alternative to fixed voting rules [14, 18]. 

The 95% sensitivity target further prioritizes melanoma 

detection while maintaining an appropriate balance between 

sensitivity and specificity. 

 

4.5 Performance evaluation 

 

Model performance is evaluated using accuracy, sensitivity, 

specificity, precision, F1-score, and ROC-AUC. These metrics 

are necessary in melanoma detection because a single global 

measure can conceal clinically important trade-offs. 

Sensitivity captures the model’s ability to identify malignant 

cases, while specificity indicates how well benign cases are 

correctly classified. Precision and F1-score provide additional 

insight into the quality of positive predictions, and ROC-AUC 

summarizes overall discriminative ability across decision 

thresholds. The evaluation framework therefore aligns with 

the diagnostic priorities of medical AI research and enables a 

more nuanced assessment of ensemble performance [7, 18]. 

Reliability is further supported by the use of a standardized 

evaluation pipeline. When a classifier is intended for medical 

decision support, reporting multiple metrics is essential 

because high accuracy may coexist with clinically 

unacceptable false-negative rates. As demonstrated in 

previous melanoma detection studies, the practical value of 

melanoma detection models depends on balanced performance 

and explicit attention to missed malignant lesions [10]. The 

selected metrics therefore provide a comprehensive summary 

of diagnostic quality. 

 

4.6 Reproducibility and computational setup 

 

The complete stacking pipeline is saved as a single 

serialized file so that the preprocessing steps, trained CNN 

models, feature scaler, and XGBoost meta-learner can be 

reproduced consistently. Training is conducted on a high-

performance workstation with GPU acceleration, which is 

necessary for fitting multiple deep models efficiently. To make 

the experiment reproducible, the training parameters, 

architecture choices, and evaluation metrics are explicitly 

specified. Such transparency is important in medical machine 

learning because reproducibility is a prerequisite for reliable 

model validation and future clinical translation. 

Reproducibility also supports scientific comparability. 

Because melanoma studies often differ in datasets, 

preprocessing, and thresholding, clear methodological 

reporting is necessary for meaningful comparison across 

systems. Reviews of medical image AI repeatedly note that 

differences in datasets, preprocessing, validation strategies, 

and experimental protocols can complicate meaningful 

comparison between models [5, 12, 16]. The present 

methodology therefore documents not only the core 

architecture, but also the training logic and evaluation pipeline 

that make the system usable for future replication and 

extension. 

 

4.7 Hyperparameter settings of the XGBoost and Logistic 

Regression meta-learners 

 

Table 2 summarizes the hyperparameter settings used for 

the XGBoost and Logistic Regression meta-learners. These 

configurations were selected to provide robust learning, 

reduce overfitting, and ensure stable convergence during the 

stacking process. 
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Table 2. Hyperparameter configuration of the XGBoost and 

Logistic Regression meta-learners 

 
Type Hyperparameter Value 

XGBoost 

Number of estimators 

(n_estimators) 
500 

Learning rate 0.02 

Maximum tree depth 

(max_depth) 
4 

Subsample ratio 0.8 

Column sample ratio 

(colsample_bytree) 
0.8 

Evaluation metric ROC-AUC 

Class imbalance weight 

(scale_pos_weight) 

Computed from 

the training data 

Early stopping rounds 50 

Verbosity 0 

Logistic 

Regression 

max_iter 3000 

random_state 24 
Note: ROC-AUC = area under the receiver operating characteristic curve. 

 

 

5. RESULTS AND DISCUSSION 

 

5.1 Performance under different learning rate and weight 

decay settings 

 

The experimental results obtained under different learning 

rate and weight decay configurations are summarized in Table 

3. The evaluation includes stacking ensembles using Logistic 

Regression and XGBoost meta-learners combined with both 

sensitivity-oriented threshold optimization and the Youden 

index. 

The experimental results for Group G1 demonstrate that the 

proposed stacking ensemble achieved competitive melanoma 

classification performance under the sensitivity-oriented 

threshold optimization strategy with Logistic Regression as 

the meta-learner. Using the optimal hyperparameter setting 

(learning rate = 2 × 10⁻⁴, weight decay = 1 × 10⁻⁵), the G1 

configuration achieved 91.50% accuracy, 91.40% sensitivity, 

91.60% specificity, 91.58% precision, 91.49% F1-score, and 

97.99% ROC-AUC. The corresponding performance is 

illustrated in Figure 4, which summarizes the classification 

metrics obtained by the proposed stacking ensemble. These 

results demonstrate a good balance between melanoma 

detection and false-positive reduction, highlighting the 

effectiveness of the proposed stacking ensemble for reliable 

melanoma classification. 

The XGBoost-based stacking ensemble demonstrated 

competitive performance across the evaluated hyperparameter 

configurations. For Group G2, the best 20-epoch 

configuration, illustrated in Figure 5, achieved 92.20% 

accuracy, 91.20% sensitivity, 93.20% specificity, 92.12% F1-

score, and 97.77% ROC-AUC. G3, obtained with 40 epochs 

and illustrated in Figure 6, achieved 92.00% accuracy, 92.20% 

sensitivity, 91.80% specificity, 92.02% F1-score, and 97.74% 

ROC-AUC. The similar ROC-AUC values indicate 

comparable discriminative performance across the two 

training durations. G3 provided slightly higher sensitivity, 

whereas the difference in ROC-AUC was not statistically 

significant. 

 

 
 

Figure 4. Performance metrics of the Logistic Regression meta-learner (learning rate = 2 × 10⁻⁴; weight decay = 1 × 10⁻⁵) 

 

 
 

Figure 5. Performance metrics of the XGBoost meta-learner (learning rate = 3 × 10⁻⁵; weight decay = 1 × 10⁻⁵; epochs = 20) 
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Figure 6. Performance metrics of the XGBoost meta-learner (learning rate = 3 × 10⁻⁵; weight decay = 1 × 10⁻⁵; epochs = 40) 

 

 
 

Figure 7. Performance metrics of the Logistic Regression meta-learner (learning rate = 4 × 10⁻⁴; weight decay = 1 × 10⁻⁵) 

 

 
 

Figure 8. Training and validation (loss and accuracy) of EfficientNetV2B0, MobileNetV2, and DenseNet169 for Group G3 
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Table 3. Performance of the stacking ensemble under different learning rate and weight decay configurations 

 

Group Epochs 
Learning 

Rate 

Weight 

Decay 
Model Accuracy Sensitivity Specificity Precision 

F1-

Score 

ROC-

AUC 

G1 20 2 × 10-4 1 × 10-5 

Meta learner 91.50% 91.40% 91.60% 91.58% 91.49% 97.99% 

EfficientNetV2B0 91.00% 89.00% 93.00% 92.71% 90.82% 97.97% 

MobileNetV2 88.50% 92.40% 84.60% 85.71% 88.93% 96.68% 

DenseNet169 91.40% 88.20% 94.60% 94.23% 91.12% 97.43% 

G2 20 3 × 10-5 1 × 10-5 

Meta learner 92.20% 91.20% 93.20% 93.06% 92.12% 97.77% 

EfficientNetV2B0 90.70% 87.60% 93.80% 93.39% 90.40% 97.43% 

MobileNetV2 90.20% 91.40% 89.00% 89.26% 90.32% 96.95% 

DenseNet169 91.70% 88.00% 95.40% 95.03% 91.38% 97.38% 

G3 40 3 × 10-5 1 × 10-5 

Meta learner 92.00% 92.20% 91.80% 91.83% 92.02% 97.74% 

EfficientNetV2B0 91.80% 88.40% 95.20% 94.85% 91.51% 97.40% 

MobileNetV2 91.60% 90.60% 92.60% 92.45% 91.52% 97.40% 

DenseNet169 91.40% 87.80% 95.00% 94.61% 91.08% 97.38% 

G4 20 4 × 10-4 1 × 10-5 

Meta learner 92.40% 87.80% 97.00% 96.70% 92.03% 98.00% 

EfficientNetV2B0 92.10% 90.40% 93.80% 93.58% 91.96% 97.92% 

MobileNetV2 90.30% 85.40% 95.20% 94.68% 89.80% 96.66% 

DenseNet169 91.10% 91.40% 90.80% 90.85% 91.13% 97.12% 
Note: G1: Sensitivity-oriented threshold optimization and Meta-Linear = Logistic Regression (20 epochs); G2: Sensitivity-oriented threshold optimization and 

Meta-Linear = XGBoost (20 epochs); G3: Sensitivity-oriented threshold optimization and Meta-Linear = XGBoost (40 epochs); G4: Youden index-based 

threshold optimization and Meta-Linear = Logistic Regression. ROC-AUC = area under the receiver operating characteristic curve (20 epochs). 

 

Table 4. Performance comparison between individual convolutional neural network (CNN) models and the proposed stacking 

(XGBoost meta-learner) 

 
Model Accuracy Sensitivity Specificity Precision F1-Score ROC-AUC 

EfficientNetV2B0 91.80% 88.40% 95.20% 94.85% 91.51% 97.40% 

MobileNetV2 91.60% 90.60% 92.60% 92.45% 91.52% 97.40% 

DenseNet169 91.40% 87.80% 95.00% 94.61% 91.08% 97.38% 

XGBoost Meta-Learner 92.00% 92.20% 91.80% 91.83% 92.02% 97.74% 
Note: ROC-AUC = area under the receiver operating characteristic curve. 

 

Under the Youden index criterion, Group G4 (learning rate 

= 4 × 10⁻⁴, weight decay = 1 × 10⁻⁵), presented in Figure 7, 

achieved 92.40% accuracy, 87.80% sensitivity, 97.00% 

specificity, and 98.00% ROC-AUC. Compared with G3 

(92.00% accuracy, 92.20% sensitivity, 91.80% specificity, and 

97.74% ROC-AUC), G4 improved specificity and ROC-AUC 

but reduced sensitivity by 4.40 percentage points. Given the 

importance of sensitivity in melanoma detection, G3 was 

preferred as the final configuration because it achieved higher 

sensitivity (92.20%) than G4 (87.80%). In contrast, G4 

achieved higher specificity and a slightly higher ROC-AUC. 

The ROC-AUC difference between the two configurations 

was not statistically significant. 

Overall, the experimental results show that the evaluated 

stacking configurations achieved competitive performance. 

G3 achieved the highest sensitivity among the four groups 

(92.20%), together with 92.00% accuracy, 91.80% specificity, 

92.02% F1-score, and 97.74% ROC-AUC. G4 achieved 

higher specificity (97.00%) and a slightly higher ROC-AUC 

(98.00%) but lower sensitivity (87.80%). Therefore, G3 was 

selected as the final proposed model because its higher 

sensitivity better matches the primary objective of melanoma 

detection. The DeLong analysis indicated that the differences 

in ROC-AUC among the evaluated pipelines were not 

statistically significant. 

Figure 8 shows smooth convergence for the three CNN 

models. EfficientNetV2B0 and DenseNet169 achieved higher 

validation accuracy than MobileNetV2, while DenseNet169 

exhibited stable convergence. Both training and validation 

losses decreased consistently, indicating effective 

optimization with limited overfitting. The 40-epoch 

configuration also yielded slightly higher sensitivity than the 

20-epoch setting, while the ROC-AUC values remained 

comparable. 

 

5.2 Interpretation of ensemble benefits 

 

To assess the contribution of the proposed stacking 

framework, the XGBoost meta-learner was systematically 

compared with the individual CNN base models under the 

same training configuration as G3 in Table 3 (40 epochs, 

learning rate = 3 × 10⁻⁵, and weight decay = 1 × 10⁻⁵). The 

comparative results are summarized in Table 4. 

The proposed stacking XGBoost meta-learner G3 achieved 

an accuracy of 92.00%, sensitivity of 92.20%, F1-score of 

92.02%, and ROC-AUC of 97.74%. Compared with 

EfficientNetV2B0, the proposed stacking model showed 

higher sensitivity by 3.80 percentage points, F1-score by 0.51 

percentage points, and ROC-AUC by 0.34 percentage points. 

Relative to MobileNetV2, improvements of 0.40% in 

accuracy, 1.60% in sensitivity, 0.50% in F1-score, and 0.34% 

in ROC-AUC were obtained. likewise, compared with 

DenseNet169, the stacking model increased accuracy by 

0.60%, sensitivity by 4.40%, F1-score by 0.94%, and ROC-

AUC by 0.36%. 

Although EfficientNetV2B0 and DenseNet169 achieved 

slightly higher specificity and precision, these gains were 

accompanied by lower sensitivity, leading to a greater number 

of missed melanoma cases. In contrast, the proposed stacking 

framework provided a better balance between sensitivity and 

specificity, resulting in the highest F1-score among the 

evaluated configurations, while the ROC-AUC differences 

were not statistically significant. This behavior indicates that 

combining the complementary feature representations learned 

by different CNN architectures enables the meta-learner to 

compensate for the weaknesses of individual models while 
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preserving their strengths. Consequently, the ensemble 

produces more robust and reliable predictions than any single 

CNN, making it particularly suitable for melanoma diagnosis, 

where maximizing lesion detection while maintaining good 

overall accuracy is of primary clinical importance. 

 

 
  

Figure 9. Confusion matrix of the best XGBoost stacking 

model (40 epochs) 

 

Figure 9 also demonstrates that the proposed ensemble 

correctly classified the vast majority of melanoma and benign 

lesions. Only a limited number of false negatives were 

observed, confirming the high sensitivity of the proposed 

framework for clinical melanoma detection. 

The results also demonstrate that ROC-based threshold 

optimization using the sensitivity-oriented threshold 

optimization criterion provides a more clinically meaningful 

trade-off than arbitrary default cutoffs. Prioritizing high 

sensitivity is particularly important in melanoma diagnosis 

because missing malignant lesions may have severe clinical 

consequences. The optimized threshold therefore improves the 

practical diagnostic utility of the framework by maintaining 

strong melanoma detection capability while preserving 

acceptable specificity. 

To provide a detailed assessment of the classification 

performance, the confusion matrix of the best-performing 

stacking model on the test set is presented in Table 5. The 

matrix reports the numbers of true positives (TP), true 

negatives (TN), false positives (FP), and false negatives (FN), 

thereby complementing the summary performance metrics. 

As shown in Table 5, the proposed model correctly 

classified 459 benign and 461 malignant lesions. Only 41 

benign lesions were incorrectly classified as malignant (false 

positives), while 39 malignant lesions were misclassified as 

benign (false negatives), demonstrating a balanced trade-off 

between sensitivity and specificity. 

 

Table 5. Confusion matrix of the selected final model on the 

test set (n = 1,000) 

 

Actual Class 
Predicted 

Benign 

Predicted 

Malignant 

Benign (n = 500) 459 (TN) 41 (FP) 

Malignant (n = 

500) 
39 (FN) 461 (TP) 

 

5.3 Comparison of all meta-learner groups 

 

Four experimental groups were evaluated using different 

optimization strategies and meta-learners, as shown in Table 

3: (G1) sensitivity-oriented threshold optimization with 

Logistic Regression, (G2) sensitivity-oriented threshold 

optimization with XGBoost (20 epochs), (G3) sensitivity-

oriented threshold optimization with XGBoost (40 epochs), 

and (G4) Youden index-based threshold optimization with 

Logistic Regression. For G4, the Youden index was used to 

identify the operating threshold that provides a balance 

between sensitivity and specificity [19]. Since the primary 

objective of this study is melanoma detection, the comparison 

emphasizes sensitivity, followed by ROC-AUC, F1-score, 

specificity, and accuracy, given the importance of minimizing 

false-negative cases. 

Figure 10 illustrates the ROC curves of the best-performing 

models from the four experimental groups. All evaluated 

configurations showed high numerical discriminative 

performance, with ROC-AUC values above 97%. The Youden 

index-based Logistic Regression model (G4) achieved the 

highest numerical ROC-AUC (98.00%), whereas the 

XGBoost-based stacking model with 40 epochs (G3) achieved 

an ROC-AUC of 97.74% and the highest sensitivity (92.20%). 

Since the DeLong test showed that the differences in ROC-

AUC among the evaluated pipelines were not statistically 

significant [23], G3 was selected based on its higher sensitivity 

at the selected operating point. 

As shown in Figure 11, G1 achieved an ROC-AUC of 

97.99%, with 91.50% accuracy, 91.40% sensitivity, and 

91.49% F1-score. These results indicate that Logistic 

Regression provided competitive performance as a linear 

meta-learner. However, the XGBoost configurations achieved 

higher sensitivity or accuracy at the selected operating points. 

The 20-epoch XGBoost configuration achieved the highest 

accuracy (92.20%) among all sensitivity-constrained models 

while maintaining a high sensitivity (91.20%) and F1-score 

(92.12%). This performance can be attributed to XGBoost's 

ability to model nonlinear relationships among the predictions 

of the base learners, providing an alternative to the linear 

decision mechanism of logistic regression. Increasing the 

training duration to 40 epochs resulted in G3, which achieved 

a higher sensitivity of 92.20% compared with G2 (91.20%), 

while maintaining a comparable ROC-AUC of 97.74%. The 

corresponding XGBoost meta-learner (G3) achieved the 

highest sensitivity (92.20%), while maintaining an Accuracy 

of 92.00%, an F1-score of 92.02%, and an ROC-AUC of 

97.74%. Although its accuracy is slightly lower than that of 

the 20-epoch configuration, the higher sensitivity indicates 

that more melanoma cases are correctly identified, which is 

particularly relevant to the study objective of minimizing 

false-negative melanoma cases. The Youden index + Logistic 

Regression group (G4) obtained the highest accuracy 

(92.40%), specificity (97.0%), precision (96.70%), and ROC-

AUC (98.00%), showing the highest numerical ROC-AUC 

among the evaluated configurations, although the difference 

was not statistically significant. However, its sensitivity 

decreased to 87.8%, implying that approximately one 

melanoma out of eight could be missed. While such a trade-

off may be acceptable for balanced binary classification tasks, 

it is less desirable for melanoma screening, where false 

negatives have potentially life-threatening consequences.  
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Figure 10. Receiver operating characteristic (ROC) curves of the four best meta-learner models 

 

 
 

Figure 11. Overall comparison of the four meta-learner groups 

 

Overall, the comparison indicates that the sensitivity-

oriented strategy provides a higher sensitivity at the selected 

operating point than the Youden index strategy. This 

characteristic is particularly relevant when the primary 

objective is to minimize false-negative melanoma cases. The 

sensitivity-oriented optimization resulted in a higher 

sensitivity at the selected operating point, while the observed 

ROC-AUC differences were not statistically significant. 
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5.4 Model calibration analysis 

 

Table 6 reports the Brier Scores obtained by the evaluated 

models. Among the individual CNNs, MobileNetV2 achieved 

the lowest Brier Score (0.0617), indicating the most accurate 

probability estimates. DenseNet169 and EfficientNetV2B0 

also demonstrated good calibration with Brier Scores below 

0.07. 

 

Table 6. Brier scores of the evaluated models 

 
Model Brier Score 

EfficientNetV2B0 0.0673 

MobileNetV2 0.0617 

DenseNet169 0.0655 

Proposed Stacking Model 0.1048 

 

Figure 12 illustrates the corresponding calibration curves. 

The individual CNN models generally follow the ideal 

calibration line, whereas the stacking classifier exhibits a 

larger deviation for intermediate probability values. Although 

the proposed stacking model achieved a high ROC-AUC of 

97.74%, its Brier Score (0.1048) was higher than those of the 

individual CNN models, indicating less accurate probability 

calibration. These results suggest that the stacking 

configuration provided strong discriminative performance but 

did not improve probability calibration relative to the 

individual CNNs. 

 

 
 

Figure 12. Calibration curves of the evaluated models 

 

 

Table 1. Pairwise DeLong test results for ROC-AUC comparison of the proposed stacking pipelines 

 
Comparaison ROC-AUC p-Value Conclusion 

Pipeline 1 vs Pipeline 2 97.99% vs 97.77% 0.0605 Not significant 

Pipeline 1 vs Pipeline 3 97.99% vs 97.74% 0.1098 Not significant 

Pipeline 1 vs Pipeline 4 97.99% vs 98.00% 0.9140 Not significant 

Pipeline 2 vs Pipeline 3 97.77% vs 97.74% 0.8137 Not significant 

Pipeline 2 vs Pipeline 4 97.77% vs 98.00% 0.1857 Not significant 

Pipeline 3 vs Pipeline 4 97.74% vs 98.00% 0.1584 Not significant 
Note: Pipeline 1 = G1, Pipeline 2 = G2, Pipeline 3 = G3, Pipeline 4 = G4. ROC-AUC = area under the receiver operating characteristic curve. 

 

5.5 DeLong test for ROC-AUC comparison 

 

To statistically assess the discriminative performance of the 

proposed stacking pipelines, pairwise ROC-AUC comparisons 

were performed using DeLong's test. This nonparametric test 

evaluates whether differences between correlated ROC curves 

are statistically significant. The results of all pairwise 

comparisons among the four pipelines are summarized in 

Table 7. 

As shown in Table 7, all pairwise comparisons yielded p-

values greater than the predefined significance level of 0.05, 

indicating that no statistically significant differences in ROC-

AUC were observed among the four evaluated pipelines. The 

largest numerical difference in ROC-AUC was observed 

between Pipeline 3 (G3; ROC-AUC = 97.74%) and Pipeline 4 

(G4; ROC-AUC = 98.00%). However, this difference was not 

statistically significant (p = 0.1584). Similarly, the 

comparisons between Pipeline 1 and Pipeline 2 (p = 0.0605), 

Pipeline 1 and Pipeline 3 (p = 0.1098), Pipeline 1 and Pipeline 

4 (p = 0.9140), Pipeline 2 and Pipeline 3 (p = 0.8137), and 

Pipeline 2 and Pipeline 4 (p = 0.1857) all yielded p-values 

above 0.05. 

Overall, these results indicate that the four evaluated 

stacking configurations exhibited comparable ROC-AUC 

performance on the test dataset. Therefore, the selection of G3 

as the final proposed model was not based on statistically 

significant superiority in ROC-AUC, but rather on its higher 

sensitivity at the selected operating point, which is more 

consistent with minimizing false-negative melanoma 

classifications. 

 

5.6 Statistical validation using bootstrap confidence 

intervals 

 

To evaluate the robustness of the proposed stacking 

pipelines, a bootstrap analysis was conducted to estimate the 

95% confidence intervals (CIs) of the ROC-AUC [24]. The 

results of the three base CNN models and the proposed 

stacking model are presented in Table 8. 

 

Table 8. Area under the ROC curve with 95% bootstrap 

confidence intervals (CIs) 

 

Model 
ROC-

AUC (%) 
95% Bootstrap CI 

EfficientNetV2B0 97.40 96.55–98.13 

MobileNetV2 97.40 96.56–98.16 

DenseNet169 97.38 96.49–98.16 

Proposed Stacking Model 97.74 96.90–98.45 
Note: ROC-AUC = area under the receiver operating characteristic curve. 

 

To assess the statistical reliability of the reported ROC-

AUC values, 95% CIs were estimated using bootstrap 

resampling with 2,000 iterations. As shown in Table 8, the 

proposed stacking model achieved the highest ROC-AUC of 

97.74% (95% CI: 96.90–98.45%), whereas the individual 

CNN models achieved ROC-AUC values ranging from 
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97.38% to 97.40%. The relatively narrow CIs indicate stable 

discrimination performance across bootstrap samples. 

 

5.7 Explainability analysis using Grad-CAM 

 

To improve the interpretability of the proposed stacking 

framework, Grad-CAM [25] was employed to visualize the 

image regions that contributed most to the predictions of the 

three CNN backbones (EfficientNetV2B0, MobileNetV2, and 

DenseNet169). The generated activation maps provide 

qualitative evidence that the models focus primarily on 

clinically relevant lesion areas rather than surrounding 

background regions. 

Table 9 presents Grad-CAM visualizations for four 

representative dermoscopic images, including both benign and 

malignant lesions, together with the corresponding final 

stacking predictions. The visualizations were generated 

independently for the three CNN base learners, namely 

EfficientNetV2B0, MobileNetV2, and DenseNet169. 

Although the activation patterns vary across architectures, the 

three CNNs generally focus on lesion regions and visually 

salient structures, including irregular borders, asymmetric 

regions, and highly pigmented areas. These observations 

provide qualitative evidence that the individual CNNs learn 

discriminative representations from relevant lesion regions. 

 

Table 9. Grad-CAM visualizations of the three convolutional neural network (CNN) base learners and corresponding final 

stacking predictions for representative dermoscopic images 

 
Original EfficientNetV2B0 MobileNetV2 DenseNet169 XGBoost Stacking Prediction 

    

Stack: 0.267 

True: benign 

Prediction: benign 

    

Stack: 0.722 

True: malignant 

Prediction: malignant 

    

Stack: 0.648 

True: benign 

Prediction: malignant 

    

Stack: 0.325 

True: malignant 

Prediction: benign 

 

The quantitative results in Table 4 further characterize the 

performance of the individual CNN base learners. 

EfficientNetV2B0, MobileNetV2, and DenseNet169 achieved 

comparable ROC-AUC values of 97.40%, 97.40%, and 

97.38%, respectively, with accuracies ranging from 91.40% to 

91.80%. EfficientNetV2B0 and DenseNet169 achieved higher 

specificity values of 95.20% and 95.00%, respectively, 

whereas MobileNetV2 achieved the highest sensitivity among 

the individual CNNs (90.60%). These results indicate 

differences in the predictive characteristics captured by the 

three CNN architectures. 

The predictions generated by the three CNN base learners 

were subsequently combined by the XGBoost meta-learner in 

the proposed stacking framework. The final G3 configuration 

achieved 92.00% accuracy, 92.20% sensitivity, 92.02% F1-

score, and 97.74% ROC-AUC. These results indicate 

competitive performance of the stacking configuration relative 

to the individual CNN models. Importantly, the Grad-CAM 

visualizations represent the CNN base learners only and 

should not be interpreted as a direct visualization of the 

XGBoost meta-learner. They provide qualitative insight into 

the image regions considered by the individual CNNs before 

their predictions are combined by the stacking model. 

The final stacking prediction is reported together with its 

predicted probability and corresponding classification 

outcome (TP, TN, FP, or FN). Overall, the Grad-CAM 

analysis complements the quantitative evaluation by providing 

qualitative interpretability of the CNN base learners and 

illustrating differences in their activation patterns. However, 

these visualizations do not directly explain the decision 

mechanism of the XGBoost meta-learner. The final stacking 

decision is therefore assessed through the quantitative 

performance of the complete ensemble. 
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5.8 Selection of the optimal model 

 

Considering the primary objective of melanoma detection, 

the XGBoost-based stacking model with 40 epochs (G3) was 

selected as the final proposed model. This configuration uses 

MobileNetV2, EfficientNetV2B0, and DenseNet169 as base 

learners and XGBoost as the meta-classifier. 

This selection is justified by the following observations: 

(1) It achieved the highest sensitivity among the evaluated 

configurations (92.20%), which is particularly relevant for 

melanoma detection because of the importance of minimizing 

false-negative cases. 

(2) It maintained a high accuracy (92.00%), indicating 

excellent overall classification performance.  

(3) Its F1-score (92.02%) demonstrates a strong balance 

between precision and sensitivity.  

(4) The ROC-AUC (97.74%) confirms strong 

discriminative performance.  

(5) Although the Logistic Regression model optimized 

using the Youden index (G4) achieved a slightly higher ROC-

AUC of 98.00% and specificity of 97.00%, its sensitivity was 

lower at 87.80%.  

Therefore, G3 was selected because its higher sensitivity 

better matches the primary objective of melanoma detection. 

The DeLong test indicated that the differences in ROC-AUC 

among the evaluated pipelines were not statistically 

significant. 

 

 

6. CONCLUSIONS 

 

This study presented a stacking-based deep learning 

framework for melanoma detection using MobileNetV2, 

EfficientNetV2B0, and DenseNet169 as base learners and 

XGBoost as the meta-classifier. The experimental results 

show that the proposed ensemble achieved competitive 

performance across the evaluated configurations. In particular, 

the G3 configuration provided a favorable operating point, 

achieving 92.20% sensitivity, 92.02% F1-score, and 97.74% 

ROC-AUC. These results indicate that the stacking framework 

can effectively combine complementary predictions from 

different CNN architectures. However, the DeLong analysis 

showed that the differences in ROC-AUC among the 

compared pipelines were not statistically significant. 

Therefore, the observed performance differences should be 

interpreted as improvements at the selected operating point 

rather than evidence of statistically significant superiority in 

overall discriminative ability. 

More broadly, the study demonstrates the feasibility of 

integrating lightweight CNN architectures into a stacking 

framework while maintaining competitive classification 

performance. The ROC-based threshold optimization provides 

flexibility in selecting an operating point according to the 

intended diagnostic objective, particularly when sensitivity is 

prioritized to reduce false-negative predictions. The results 

obtained on the test dataset provide evidence supporting the 

potential of the proposed methodology, while recognizing that 

further validation is required. 

The findings also highlight the value of combining 

complementary predictions from different CNN architectures 

through a nonlinear meta-learner. The selected G3 

configuration achieved a favorable balance between 

sensitivity and other classification metrics, suggesting that the 

sensitivity-oriented operating point may be appropriate when 

the primary objective is to improve melanoma detection. 

Nevertheless, the absence of statistically significant ROC-

AUC differences indicates that the proposed ensemble should 

not be considered statistically superior to the compared 

pipelines in terms of overall discriminative ability. 

Despite its strong performance, the proposed framework has 

several limitations that should be acknowledged. First, the 

model depends heavily on the quality and diversity of the 

training data, which may limit generalization when applied to 

external clinical populations with different acquisition 

conditions or demographic distributions. Second, although the 

stacking strategy improves robustness, it also increases 

computational complexity relative to a single-model baseline, 

particularly during training. Third, the approach remains 

largely image-based and does not incorporate clinical 

metadata such as patient age, lesion history, or anatomical 

location, which may contain valuable diagnostic information. 

Fourth, interpretability remains limited. While XGBoost is 

more transparent than many meta-learning alternatives, the 

underlying CNN feature representations remain difficult to 

explain in clinically intuitive terms, which may reduce trust 

among practitioners if the system is deployed without 

accompanying explanation methods such as saliency mapping 

or attention visualization. Finally, the current evaluation does 

not include prospective clinical testing, meaning that further 

validation is needed before practical adoption. Future work 

should therefore focus on external validation, explainable AI 

methods, and multimodal integration to strengthen real-world 

utility.  
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