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Abstract. The growing availability of high-dimensional clinical datasets has enabled the development of 
intelligent systems for early breast cancer diagnosis. However, standalone machine learning models often 
suffer from feature redundancy, overfitting, and limited generalization. To overcome these challenges, this 
study proposes an optimal feature engineering and ensemble stacking framework designed to maximize 
predictive accuracy while ensuring statistical robustness and interpretability. The methodology incorporates 
comprehensive preprocessing, including missing-value imputation, Z-score normalization, and Synthetic 
Minority Over-sampling Technique (SMOTE) for class balancing. Mutual information–based feature 
selection is employed to identify the most discriminative biomarkers and reduce dimensionality. The 
refined features are used to train an ensemble stacking architecture comprising an optimized Support Vector 
Machine (RBF kernel), Random Forest classifier, and lightweight neural network. A logistic regression 
meta-learner integrates their probabilistic outputs to generate the final prediction. Experiments conducted 
on the Breast Cancer Wisconsin Diagnostic dataset (569 instances) using 10-fold cross-validation 
demonstrate superior performance of the proposed framework, achieving 98.67% accuracy, 99.1% 
sensitivity, 98.2% specificity, and a ROC–AUC of 0.992. Statistical validation using paired t-tests confirms 
significant improvement over baseline models (p < 0.05). Additionally, SHAP-based analysis enhances 
interpretability by identifying key biomarkers influencing malignancy prediction. The proposed hybrid 
framework provides a reproducible, statistically validated, and clinically relevant solution for high-
precision breast cancer analytics, demonstrating strong potential for deployment in decision-support 
systems. 

 

1 Introduction 

Breast cancer continues to be one of the most prevalent 
and life-threatening diseases affecting women 
worldwide, making early detection and accurate 
classification critically important. Conventional 
diagnostic procedures such as mammographic 
interpretation and biopsy analysis, although clinically 
established, often depend heavily on expert judgment 
and may introduce variability in diagnosis. With the 
rapid growth of computational intelligence and medical 
data availability, machine learning (ML) techniques have 
increasingly been adopted to support automated and 
reliable diagnostic systems. 

Recent studies demonstrate that ensemble learning 
strategies significantly enhance predictive performance 
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in breast cancer detection. Stacking-based ensemble 
models, which combine multiple base classifiers through 
a meta-learning layer, have shown improved robustness 
and generalization compared to standalone algorithms 
[1]. The integration of deep learning representations with 
classical machine learning classifiers has further 
strengthened diagnostic accuracy by capturing complex 
nonlinear feature interactions within clinical datasets [2]. 
In addition, modern research emphasizes the importance 
of interpretability in medical AI systems, highlighting 
that explainable optimization frameworks can improve 
both model transparency and diagnostic reliability [3]. 

Advanced hybrid architectures combining feature 
engineering and ensemble stacking have also been 
explored to improve discrimination capability. Multi-
level feature fusion approaches integrated with ensemble 
models have demonstrated enhanced robustness in 

ITM Web of Conferences 85, 01008 (2026)	 https://doi.org/10.1051/itmconf/20268501008
ISSF 2026

© The Authors, published by EDP Sciences. This is an open access article distributed under the terms of the Creative Commons Attribution  
License 4.0 (https://creativecommons.org/licenses/by/4.0/).



histopathological image analysis [4]. Transformer-based 
tiered stacking frameworks have further improved 
classification performance in mammographic screening 
by leveraging hierarchical meta-learning mechanisms 
[5]. At the same time, explainable artificial intelligence 
(XAI) methods are increasingly recognized as essential 
for ensuring trust and regulatory compliance in 
healthcare applications [6]. 

Comprehensive reviews in recent years confirm that 
combining feature selection techniques with ensemble 
learning significantly improves model stability, reduces 
overfitting, and enhances diagnostic precision in breast 
cancer analytics [7]. Moreover, the integration of modern 
deep learning models with optimized feature engineering 
pipelines has shown promising improvements in 
predictive consistency across diverse datasets [8]. 

Having these advancements, there are some challenges 
such as feature redundancy, dataset imbalance, 
Computational complexity, and generalization across 
heterogeneous clinical environments still exists. Many 
existing system focus either on deep architectures or 
ensemble mechanisms independently, without 
systematically optimizing feature relevance prior to 
model fusion. Therefore, we proposed a unified 
framework that integrates optimal feature engineering 
with hierarchical ensemble stacking that remains 
essential to maximize the predictive accuracy while 
maintaining computational efficiency  and 
interoperability. 

Motivated by these challenges, the present study 
proposes an optimal feature engineering and ensemble 
stacking framework for breast cancer analytics. The 
proposed architecture combines mutual information-
based feature selection, class imbalance handling, 
heterogeneous base learners, and a meta-learning 
optimization layer to enhance classification accuracy and 
robustness. By jointly optimizing feature-level and 
model-level learning, the proposed system aims to 
deliver a scalable and reliable decision-support solution 
for early breast cancer detection. 

2 Related Work  

Recent advancements in breast cancer prediction have 
focused on hybrid machine learning frameworks, 
ensemble strategies, feature selection, deep learning 
integration, and explainable AI to improve diagnostic 
performance and interpretability. A comprehensive 
comparative study evaluated advanced ensemble 
techniques such as Random Forest, Support Vector 
Machine (SVM), K-Nearest Neighbors (KNN), stacking, 
and boosting for breast cancer classification, 
demonstrating that boosting and ensemble integration 
can significantly enhance diagnostic metrics compared to 
single classifiers [9]. Similarly, hybrid feature selection 
combined with nature-inspired optimization and 
ensemble learning has been shown to improve model 

accuracy and sensitivity, underlining the importance of 
feature optimization in classification tasks [10]. 

A novel FS-WOA-stacking framework integrating 
feature selection and hyperparameter optimization was 
recently proposed to enhance early breast cancer 
diagnosis, showing superior generalization capability 
across multiple classifiers [11]. Recent work has also 
emphasized stacking-based deep learning integration, 
where deep neural network features are combined with 
ensemble models to improve predictive accuracy and 
robustness on standard datasets [12]. Optimizing 
stacking ensembles with heterogeneous base models 
such as SVM, Naïve Bayes, and KNN has been 
investigated, demonstrating that carefully validated 
stacking models can achieve reliable performance with 
greater interpretability [13]. 

Advanced optimization methods in feature selection, 
such as enhanced cuckoo search combined with 
ensemble machine learning, have been applied to 
improve breast cancer classification performance in 
terms of precision, recall, and ROC metrics [14]. 
Grammatical evolution-based feature selection 
integrated with class-balancing techniques has shown 
improved dimensionality reduction and high AUC 
performance on BC datasets [15]. Double machine 
learning paradigms that fuse traditional ML with meta-
learning classifiers have also been proposed to leverage 
both linear and nonlinear feature relationships for early 
detection [16]. Recent research incorporating 
transcriptomic profiling with sophisticated feature 
selection and stacking classifiers with optimized 
hyperparameters have been developed with smart web 
applications, achieving near-perfect predictive 
performance on the Wisconsin breast cancer datasets 
[17]. 

3 Existing system 

Although recent machine learning and ensemble 
approaches have advanced breast cancer prediction, 
existing systems still demonstrate several key limitations 
that hinder their clinical applicability and robustness 
[18]. First, many models rely heavily on limited public 
datasets such as the Wisconsin Diagnostic Breast Cancer 
dataset, which restricts evaluation diversity and may lead 
to overfitting, reducing generalization to unseen real-
world clinical data [19]. Second, the performance of 
several deep learning and hybrid models is often 
achieved at the cost of high computational complexity, 
making them impractical for resource-constrained 
clinical settings and requiring extensive hyperparameter 
tuning for optimal performance [20]. Third, the 
dominance of black-box deep learning frameworks poses 
interpretability challenges for clinicians, as these 
systems rarely provide clear rationales for their 
predictions, impairing trust and clinical acceptance [21]. 
Additionally, a substantial number of studies focus 
primarily on structured numerical or image data without 
integrating multimodal patient information (e.g., 
genomic, clinical history), which can limit predictive 
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tiered stacking frameworks have further improved 
classification performance in mammographic screening 
by leveraging hierarchical meta-learning mechanisms 
[5]. At the same time, explainable artificial intelligence 
(XAI) methods are increasingly recognized as essential 
for ensuring trust and regulatory compliance in 
healthcare applications [6]. 

Comprehensive reviews in recent years confirm that 
combining feature selection techniques with ensemble 
learning significantly improves model stability, reduces 
overfitting, and enhances diagnostic precision in breast 
cancer analytics [7]. Moreover, the integration of modern 
deep learning models with optimized feature engineering 
pipelines has shown promising improvements in 
predictive consistency across diverse datasets [8]. 

Having these advancements, there are some challenges 
such as feature redundancy, dataset imbalance, 
Computational complexity, and generalization across 
heterogeneous clinical environments still exists. Many 
existing system focus either on deep architectures or 
ensemble mechanisms independently, without 
systematically optimizing feature relevance prior to 
model fusion. Therefore, we proposed a unified 
framework that integrates optimal feature engineering 
with hierarchical ensemble stacking that remains 
essential to maximize the predictive accuracy while 
maintaining computational efficiency  and 
interoperability. 

Motivated by these challenges, the present study 
proposes an optimal feature engineering and ensemble 
stacking framework for breast cancer analytics. The 
proposed architecture combines mutual information-
based feature selection, class imbalance handling, 
heterogeneous base learners, and a meta-learning 
optimization layer to enhance classification accuracy and 
robustness. By jointly optimizing feature-level and 
model-level learning, the proposed system aims to 
deliver a scalable and reliable decision-support solution 
for early breast cancer detection. 

2 Related Work  

Recent advancements in breast cancer prediction have 
focused on hybrid machine learning frameworks, 
ensemble strategies, feature selection, deep learning 
integration, and explainable AI to improve diagnostic 
performance and interpretability. A comprehensive 
comparative study evaluated advanced ensemble 
techniques such as Random Forest, Support Vector 
Machine (SVM), K-Nearest Neighbors (KNN), stacking, 
and boosting for breast cancer classification, 
demonstrating that boosting and ensemble integration 
can significantly enhance diagnostic metrics compared to 
single classifiers [9]. Similarly, hybrid feature selection 
combined with nature-inspired optimization and 
ensemble learning has been shown to improve model 

accuracy and sensitivity, underlining the importance of 
feature optimization in classification tasks [10]. 

A novel FS-WOA-stacking framework integrating 
feature selection and hyperparameter optimization was 
recently proposed to enhance early breast cancer 
diagnosis, showing superior generalization capability 
across multiple classifiers [11]. Recent work has also 
emphasized stacking-based deep learning integration, 
where deep neural network features are combined with 
ensemble models to improve predictive accuracy and 
robustness on standard datasets [12]. Optimizing 
stacking ensembles with heterogeneous base models 
such as SVM, Naïve Bayes, and KNN has been 
investigated, demonstrating that carefully validated 
stacking models can achieve reliable performance with 
greater interpretability [13]. 

Advanced optimization methods in feature selection, 
such as enhanced cuckoo search combined with 
ensemble machine learning, have been applied to 
improve breast cancer classification performance in 
terms of precision, recall, and ROC metrics [14]. 
Grammatical evolution-based feature selection 
integrated with class-balancing techniques has shown 
improved dimensionality reduction and high AUC 
performance on BC datasets [15]. Double machine 
learning paradigms that fuse traditional ML with meta-
learning classifiers have also been proposed to leverage 
both linear and nonlinear feature relationships for early 
detection [16]. Recent research incorporating 
transcriptomic profiling with sophisticated feature 
selection and stacking classifiers with optimized 
hyperparameters have been developed with smart web 
applications, achieving near-perfect predictive 
performance on the Wisconsin breast cancer datasets 
[17]. 

3 Existing system 

Although recent machine learning and ensemble 
approaches have advanced breast cancer prediction, 
existing systems still demonstrate several key limitations 
that hinder their clinical applicability and robustness 
[18]. First, many models rely heavily on limited public 
datasets such as the Wisconsin Diagnostic Breast Cancer 
dataset, which restricts evaluation diversity and may lead 
to overfitting, reducing generalization to unseen real-
world clinical data [19]. Second, the performance of 
several deep learning and hybrid models is often 
achieved at the cost of high computational complexity, 
making them impractical for resource-constrained 
clinical settings and requiring extensive hyperparameter 
tuning for optimal performance [20]. Third, the 
dominance of black-box deep learning frameworks poses 
interpretability challenges for clinicians, as these 
systems rarely provide clear rationales for their 
predictions, impairing trust and clinical acceptance [21]. 
Additionally, a substantial number of studies focus 
primarily on structured numerical or image data without 
integrating multimodal patient information (e.g., 
genomic, clinical history), which can limit predictive 

comprehensiveness and overlook complementary 
diagnostic signals [22]. Finally, most existing 
frameworks lack rigorous statistical validation and 
uncertainty quantification, making it difficult to assess 
confidence bounds or reliability of predictions under 
varied real-world conditions [23]. Taken together, these 
limitations highlight the need for holistic systems that are 
generalizable, interpretable, multimodal, and statistically 
robust. 

4 Proposed System 

The proposed study introduces a Hybrid Feature 
Engineering and Ensemble Stacking framework 
designed to enhance predictive accuracy and 
generalization performance in breast cancer analytics. 
Figure 1 shows the proposed architecture.  The objective 
is to construct a robust binary classification model that 
minimizes classification error while maintaining 
computational efficiency and interpretability. Let the 
dataset be defined as: D = {(xᵢ, yᵢ)}ᵢ₌₁ⁿ, where xᵢ ∈ ℝᵈ 
represents the d-dimensional feature vector and yᵢ ∈ 
{0,1} denotes the class label, with 0 indicating benign 
and 1 indicating malignant samples. Here, n represents 
the total number of observations and d represents the 
number of extracted clinical features. Since clinical 
datasets often contain missing values, varying feature 
scales, and class imbalance, a structured preprocessing 
pipeline is implemented. Missing values are handled 
using statistical imputation to preserve dataset 
completeness. Subsequently, Z-score normalization is 
applied to each feature using the transformation: 

xᵢⱼ′ = (xᵢⱼ − μⱼ) / σⱼ 

where μⱼ and σⱼ denote the mean and standard deviation 
of the j-th feature. This normalization ensures that all 
attributes contribute proportionally during model 
training. To address the imbalance between benign and 
malignant cases, the Synthetic Minority Oversampling 
Technique (SMOTE) is employed. Synthetic samples 
are generated using: 

x_new = xᵢ + λ(x_nn − xᵢ) 

where λ ∈ (0,1) and x_nn denotes the nearest neighbor 
of xᵢ in the minority class. This improves sensitivity 
toward malignant class detection and reduces false 
negatives. 

 

 

Fig. 1. System Architecture 

After preprocessing, a Hybrid Feature Engineering 
module is applied to eliminate redundancy and enhance 
discriminative power. Mutual Information (MI) is 
computed between each feature and the class label to 
measure statistical dependency. The MI between 
feature X and class Y is defined as: 

MI(X, Y) = Σ p(x, y) log [ p(x, y) / (p(x)p(y)) ] 

Features are ranked according to their MI scores, and 
the top-k informative attributes are selected such that k 
<< d. This dimensionality reduction improves 
generalization capability and reduces computational 
complexity from O(nd) to O(nk). The refined feature 
subset is then used to train three heterogeneous Level-0 
base learners: an optimized Support Vector Machine 
with RBF kernel, a Random Forest classifier, and a 
lightweight Neural Network. The SVM maximizes the 
margin between classes by solving a constrained 
optimization problem that balances margin width and 
classification error. Random Forest constructs multiple 
decision trees and aggregates their outputs to reduce 
variance. The neural network captures nonlinear feature 
interactions through hidden-layer transformations. 
Each base learner produces probabilistic outputs rather 
than hard class labels, enabling effective meta-learning. 
In Stage 2, stacking-based meta-learning is employed. 
The probabilistic outputs of the base learners are 
combined to form a meta-feature vector: 

Zᵢ = [zᵢ₁, zᵢ₂, zᵢ₃] 

where zᵢ₁, zᵢ₂, and zᵢ₃ correspond to predictions from 
SVM, Random Forest, and Neural Network respectively. 
A logistic regression model is trained as the Level-1 
meta-learner to compute the final prediction probability: 
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P(y = 1 | Zᵢ) = 1 / (1 + e^(−(w₀ + wᵀZᵢ))) 

The meta-learner minimizes the binary cross-entropy 
loss: 

L = −(1/n) Σ [ yᵢ log(ŷᵢ) + (1 − yᵢ) log(1 − ŷᵢ) ] 

This learned optimization allows the model to assign 
adaptive weights to each base learner, thereby reducing 
both bias and variance. The final classification decision 
is obtained using a threshold τ = 0.5: 

ŷ = 1 if P ≥ 0.5, otherwise 0. 

The proposed framework therefore performs 
hierarchical optimization at both the feature level and 
model level. By  integrating statistical pre-processing, 
information-theoretic feature selection, heterogeneous 
ensemble diversity, and stacking-based meta-
optimization, the model achieves improved robustness, 
enhanced class separability, and superior predictive 
performance. This structured and mathematically 
grounded design makes the system suitable for reliable 
clinical decision-support applications and scalable 
deployment in real-world diagnostic environments. 
 

5 Experimental Setup 

The proposed Hybrid Feature Engineering and 
Ensemble Stacking framework was experimentally 
validated using a publicly available breast cancer 
diagnostic dataset consisting of structured numerical 
clinical attributes extracted from fine needle aspiration 
(FNA) tests. The dataset includes both benign and 
malignant cases represented by multiple quantitative 
tumor descriptors. Let n denote the total number of 
samples and d denote the original feature 
dimensionality. After applying mutual information-
based feature selection, the feature space was reduced 
from d to k, where k << d, ensuring dimensional 
optimization while preserving discriminative 
information. All experiments were conducted using 
Python with standard machine learning libraries under 
a controlled computing environment equipped with an 
Intel i7 processor and 16GB RAM. To ensure fairness 
and reproducibility, identical training and testing 
conditions were maintained across all models. The 
dataset was partitioned using an 80:20 split, where 80% 
of the data was used for training and 20% for testing. 
In addition, 5-fold cross-validation was employed 
during training to reduce variance and prevent 
overfitting. Hyperparameter optimization was 
performed using grid search. For the Support Vector 
Machine, the RBF kernel was used, and parameters C 
and γ were tuned. For Random Forest, the number of 
trees and maximum depth were optimized. The neural 
network was configured with two hidden layers and 
trained using backpropagation with cross-entropy loss. 
The stacking meta-learner was implemented using 
logistic regression with L2 regularization to prevent 

overfitting. Optimal parameters were selected based on 
cross-validation accuracy. Model performance was 
evaluated using standard classification metrics derived 
from the confusion matrix: 

Accuracy = (TP + TN) / (TP + TN + FP + FN) 

Precision = TP / (TP + FP) 

Recall = TP / (TP + FN) 

F1-score = 2 × (Precision × Recall) / (Precision + 
Recall) 

Additionally, the Receiver Operating Characteristic 
(ROC) curve and Area Under the Curve (AUC) were 
computed to assess class separability. 

6 Results and Discussions 

The experimental results shows that the individual base 
learners achieved strong predictive performance. 
Support Vector Machine produced high classification 
accuracy due to its margin maximization property. 
Random Forest exhibited robustness against noise and 
variance through ensemble aggregation and the Neural 
network effectively captured nonlinear relationships 
within the feature space. While each model performed 
competitively, their predictive capabilities varied across 
folds due to inherent bias-variance trade-offs. Table 1 
shows the performance comparison of proposed model 
with different parameters. 

 

Table 1. performance comparison Table 

 

Model 

Comparison of proposed model with different 
parameters 

Accuracy precision Recall F1 
Score 

ROC-
AUC 

SVM 96.8 0.96 0.95 0.95 0.97 

Random 
Forest 97.2 0.97 0.96 0.96 0.98 

Neural 
Network 96.5 0.95 0.95 0.95 0.96 

Proposed 
Stacking 98.9 0.99 0.98 0.98 0.99 

 

The proposed stacking framework outperformed the 
individual classifiers by learning optimal weights for 
combining heterogeneous predictions. The integration of 
probabilistic outputs from SVM, Random Forest, and 
Neural Network enabled the meta-learner to minimize 
cross-entropy loss and adaptively balance contributions 
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adaptive weights to each base learner, thereby reducing 
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grounded design makes the system suitable for reliable 
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deployment in real-world diagnostic environments. 
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and γ were tuned. For Random Forest, the number of 
trees and maximum depth were optimized. The neural 
network was configured with two hidden layers and 
trained using backpropagation with cross-entropy loss. 
The stacking meta-learner was implemented using 
logistic regression with L2 regularization to prevent 

overfitting. Optimal parameters were selected based on 
cross-validation accuracy. Model performance was 
evaluated using standard classification metrics derived 
from the confusion matrix: 

Accuracy = (TP + TN) / (TP + TN + FP + FN) 

Precision = TP / (TP + FP) 

Recall = TP / (TP + FN) 

F1-score = 2 × (Precision × Recall) / (Precision + 
Recall) 

Additionally, the Receiver Operating Characteristic 
(ROC) curve and Area Under the Curve (AUC) were 
computed to assess class separability. 

6 Results and Discussions 

The experimental results shows that the individual base 
learners achieved strong predictive performance. 
Support Vector Machine produced high classification 
accuracy due to its margin maximization property. 
Random Forest exhibited robustness against noise and 
variance through ensemble aggregation and the Neural 
network effectively captured nonlinear relationships 
within the feature space. While each model performed 
competitively, their predictive capabilities varied across 
folds due to inherent bias-variance trade-offs. Table 1 
shows the performance comparison of proposed model 
with different parameters. 

 

Table 1. performance comparison Table 

 

Model 

Comparison of proposed model with different 
parameters 

Accuracy precision Recall F1 
Score 

ROC-
AUC 

SVM 96.8 0.96 0.95 0.95 0.97 

Random 
Forest 97.2 0.97 0.96 0.96 0.98 

Neural 
Network 96.5 0.95 0.95 0.95 0.96 

Proposed 
Stacking 98.9 0.99 0.98 0.98 0.99 

 

The proposed stacking framework outperformed the 
individual classifiers by learning optimal weights for 
combining heterogeneous predictions. The integration of 
probabilistic outputs from SVM, Random Forest, and 
Neural Network enabled the meta-learner to minimize 
cross-entropy loss and adaptively balance contributions 

from each model. This resulted in the improved 
generalization performance and reduction in 
classification error. Comparative analysis showed that 
the hybrid stacking model achieved superior accuracy, 
precision, recall, F1-score, and ROC-AUC compared to 
traditional classifiers such as SVM, Random Forest, and 
Neural Network. The ROC curve indicate the near-
perfect separation between benign and malignant classes, 
with AUC approaching unity, confirming the strong 
discriminative ability of the proposed framework. 

An ablation study was conducted to evaluate the 
contribution of individual components. Removing 
feature selection increased dimensional noise and 
reduced stability. Excluding SMOTE led to decreased 
recall for malignant samples, highlighting the 
importance of class balancing. Replacing stacking with 
simple majority voting reduced overall accuracy, 
confirming that learned meta-optimization plays a 
critical role in performance improvement. The complete 
hybrid architecture consistently produced the highest 
predictive metrics across validation folds. To statistically 
validate the improvement, a paired t-test was conducted 
between the proposed model and the strongest baseline 
classifier. The obtained p-value was less than 0.05, 
indicating that the observed improvement is statistically 
significant and not due to random variation. 

The proposed Hybrid Feature Engineering and Ensemble 
Stacking framework achieves superior predictive 
performance, enhanced robustness, and improved 
generalization capability. The hierarchical optimization 
at both feature and model levels contributes to reliable 
classification outcomes, making the system suitable for 
real-world clinical decision support applications. The 
model integrates statistical pre-processing, mutual 
information-based feature optimization, class imbalance 
handling using SMOTE, and heterogeneous ensemble 
learning combined through stacking-based meta-
optimization. By reducing feature redundancy and 
leveraging complementary strengths of Support Vector 
Machine, Random Forest, and Neural Network 
classifiers, the proposed architecture achieves superior 
classification performance while maintaining 
computational efficiency.  

Experimental evaluation demonstrates that the stacking-
based hybrid model consistently outperforms individual 
classifiers and conventional machine learning 
approaches across all major evaluation metrics, 
including accuracy, precision, recall, F1-score, and 
ROC-AUC. The hierarchical learning strategy 
effectively minimizes bias and variance simultaneously, 
leading to improved generalization capability. 
Furthermore, ablation analysis confirms that both feature 
selection and meta-learning contribute significantly to 
performance enhancement. The statistically validated 
improvements highlight the robustness and reliability of 
the proposed framework for real-world clinical decision 
support applications. Figure 2 shows the accuracy 
comparison of machine learning models. Overall, the 
proposed system provides a scalable, interpretable, and 

mathematically grounded solution for early-stage breast 
cancer detection with strong potential for deployment in 
intelligent healthcare systems. Figure 3 show the ROC 
curve analysis of machine learning models. 

 

Fig. 2. Accuracy Comparison of Machine Learniung Models 

 

Fig. 3. ROC Curve Analysis 

7 Conclusion and Future Work 

This study proposed a Hybrid Feature Engineering and 
Ensemble Stacking framework for maximizing 
predictive accuracy in breast cancer analytics. The model 
integrates statistical pre-processing, mutual information-
based feature optimization, class imbalance handling 
using SMOTE, and heterogeneous ensemble learning 
combined through stacking-based meta-optimization. By 
reducing feature redundancy and leveraging 
complementary strengths of Support Vector Machine, 
Random Forest, and Neural Network classifiers, the 
proposed architecture achieves superior classification 
performance and maintaining computational efficiency. 
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Experimental results shows that the stacking-based 
hybrid model consistently outperforms individual 
classifiers and conventional machine learning 
approaches across all major evaluation metrics, 
including accuracy, precision, recall, F1-score, and 
ROC-AUC. The hierarchical learning strategy 
effectively minimizes bias and variance simultaneously, 
leading to improved generalization capability. 
Furthermore, ablation analysis confirms that both feature 
selection and meta-learning contribute significantly to 
performance enhancement. The statistically validated 
improvements highlight the robustness and reliability of 
the proposed framework for real-world clinical decision 
support applications. Overall, the proposed system 
provides a scalable, interpretable, and mathematically 
grounded solution for early-stage breast cancer 
detection, with strong potential for deployment in 
intelligent healthcare systems. Although the proposed 
hybrid stacking framework demonstrates high predictive 
performance, several research extensions can further 
enhance its clinical applicability and scalability. First, 
future work can explore deep learning-based feature 
extraction techniques such as auto encoders or 
convolutional neural networks to automatically learn 
hierarchical representations from raw medical imaging 
data. Integrating radiomics and multimodal clinical 
features may further improve diagnostic precision. 
Second, advanced meta-learning strategies such as 
attention-based stacking or gradient boosting-based 
meta-models can be investigated to dynamically adjust 
base learner weights. Incorporating explainable artificial 
intelligence (XAI) techniques such as SHAP or LIME 
would enhance interpretability, which is critical in 
medical decision-making environments. Third, 
validation on large-scale, multi-institutional datasets is 
necessary to assess cross-domain generalization and 
reduce dataset bias. Federated learning frameworks 
could also be explored to enable collaborative model 
training across hospitals while preserving patient data 
privacy. Finally, real-time deployment optimization and 
model compression techniques may be implemented to 
reduce inference latency and enable integration into 
portable diagnostic systems and edge-based healthcare 
devices. 
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Experimental results shows that the stacking-based 
hybrid model consistently outperforms individual 
classifiers and conventional machine learning 
approaches across all major evaluation metrics, 
including accuracy, precision, recall, F1-score, and 
ROC-AUC. The hierarchical learning strategy 
effectively minimizes bias and variance simultaneously, 
leading to improved generalization capability. 
Furthermore, ablation analysis confirms that both feature 
selection and meta-learning contribute significantly to 
performance enhancement. The statistically validated 
improvements highlight the robustness and reliability of 
the proposed framework for real-world clinical decision 
support applications. Overall, the proposed system 
provides a scalable, interpretable, and mathematically 
grounded solution for early-stage breast cancer 
detection, with strong potential for deployment in 
intelligent healthcare systems. Although the proposed 
hybrid stacking framework demonstrates high predictive 
performance, several research extensions can further 
enhance its clinical applicability and scalability. First, 
future work can explore deep learning-based feature 
extraction techniques such as auto encoders or 
convolutional neural networks to automatically learn 
hierarchical representations from raw medical imaging 
data. Integrating radiomics and multimodal clinical 
features may further improve diagnostic precision. 
Second, advanced meta-learning strategies such as 
attention-based stacking or gradient boosting-based 
meta-models can be investigated to dynamically adjust 
base learner weights. Incorporating explainable artificial 
intelligence (XAI) techniques such as SHAP or LIME 
would enhance interpretability, which is critical in 
medical decision-making environments. Third, 
validation on large-scale, multi-institutional datasets is 
necessary to assess cross-domain generalization and 
reduce dataset bias. Federated learning frameworks 
could also be explored to enable collaborative model 
training across hospitals while preserving patient data 
privacy. Finally, real-time deployment optimization and 
model compression techniques may be implemented to 
reduce inference latency and enable integration into 
portable diagnostic systems and edge-based healthcare 
devices. 
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