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Abstract: Breast cancer has been adjudged the leading cause of cancer-related mortality worldwide, necessitating accurate and early 

diagnostic approaches to improve clinical outcomes. Recent advances in machine learning have highlighted the effectiveness of 

boosting ensemble techniques—such as XGBoost, LightGBM, CatBoost, and AdaBoost—in enhancing predictive performance for 

breast cancer diagnosis. This study presents a systematic review of boosting-based models for breast cancer prediction, conducted 

using the PRISMA 2020 framework to ensure a rigorous and transparent selection process. A total of 46 peer-reviewed studies 

published between 2018 and 2026 were analyzed, covering diverse datasets including clinical, imaging, and multi-omics sources. 

The findings indicate that boosting algorithms consistently achieve high classification accuracy (above 97%) and AUC values 

exceeding 0.98, outperforming traditional machine learning models. Hybrid frameworks integrating deep learning and boosting 

further improve performance, particularly in high-dimensional imaging data. Additionally, the integration of Explainable Artificial 

Intelligence (XAI) enhances model interpretability and clinical trust. However, challenges such as data imbalance, limited 

generalizability, and high computational complexity persist. Future research directions emphasize multimodal data fusion, federated 

learning, and edge-based deployment. This review provides a comprehensive synthesis of current trends, challenges, and 

opportunities, offering valuable insights for advancing AI-driven breast cancer prediction systems. 
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1.  Introduction 

Breast cancer remains one of the most prevalent and life-threatening diseases affecting women worldwide. According to recent 

global cancer statistics, approximately 2.3 million new cases and 670,000 deaths were recorded in 2022, making it the most 

commonly diagnosed cancer among women and a leading cause of cancer-related mortality [1]. Despite advances in screening and 

treatment, significant disparities persist across regions, with higher mortality rates observed in low- and middle-income countries 

due to delayed diagnosis and limited access to healthcare facilities. Early detection is therefore critical, as survival rates exceed 99% 

for localized breast cancer but decline sharply for advanced metastatic stages. 

 

Table 1: Regional Distribution of Breast Cancer incidence and mortality rates (Source?) 

Region Incidence (Cases) Mortality (Deaths) 

Asia 985,817 315,309 

Europe 557,532 144,439 

North America 306,307 49,744 

Latin America & Caribbean 220,124 — 

Africa 198,553 91,252 

Oceania 28,507 5,483 
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Traditional diagnostic approaches, including mammography, ultrasound imaging, and histopathological examination, have long 

served as the foundation for breast cancer detection. However, these methods are often limited by inter-observer variability, reduced 

sensitivity in dense breast tissues, and delayed interpretation in resource-constrained environments. Consequently, there has been a 

growing interest in leveraging Artificial Intelligence (AI) and Machine Learning (ML) techniques to enhance diagnostic accuracy 

and efficiency in clinical oncology (Odeyemi et al., 2024; Odeyemi et al., 2026)[2]. Machine learning techniques have demonstrated 

significant potential in analyzing complex biomedical data and supporting clinical decision-making. Conventional ML models such 

as Support Vector Machines (SVM), k-Nearest Neighbors (KNN), and Logistic Regression have been widely applied to breast cancer 

datasets, including the Wisconsin Breast Cancer Diagnostic (WDBC) dataset, for classification tasks [3]. These models rely heavily 

on handcrafted feature extraction and are often constrained by limited generalization capability when dealing with high-dimensional 

and heterogeneous data. The increasing availability of large-scale medical datasets, including imaging and genomic data, has further 

accelerated the adoption of data-driven approaches. However, single-model approaches frequently suffer from overfitting, bias, and 

limited robustness, particularly in imbalanced medical datasets where benign cases significantly outnumber malignant ones. To 

address the limitations of individual classifiers, ensemble learning has emerged as a powerful paradigm that combines multiple weak 

learners to produce a more robust predictive model. Among ensemble techniques, boosting methods have gained particular 

prominence due to their ability to iteratively improve model performance by focusing on misclassified instances [4]. 

Early boosting algorithms such as AdaBoost introduced adaptive weighting mechanisms to enhance classification accuracy. 

This was followed by Gradient Boosting Machines (GBM), which utilize gradient-based optimization to minimize loss functions. 

More recently, advanced boosting frameworks—including XGBoost, LightGBM, and CatBoost—have significantly improved 

computational efficiency, scalability, and predictive performance [5]. These models incorporate innovations such as regularization, 

leaf-wise tree growth, and efficient handling of categorical variables, making them highly suitable for medical datasets characterized 

by mixed data types and high dimensionality. In the context of breast cancer prediction, boosting algorithms have demonstrated 

superior performance in distinguishing between benign and malignant tumors by effectively capturing complex feature interactions. 

Their ability to handle missing values, reduce overfitting, and scale to large datasets has positioned them as state-of-the-art tools in 

predictive oncology. Recent advancements in the field have extended boosting techniques beyond traditional tabular data 

applications. Hybrid models that integrate deep learning architectures, such as Convolutional Neural Networks (CNNs), with 

boosting classifiers have shown remarkable improvements in predictive accuracy [6]. In such frameworks, deep learning models are 

employed for feature extraction from medical images, while boosting algorithms perform the final classification, combining the 

strengths of both approaches. 

Another significant development is the integration of Explainable Artificial Intelligence (XAI) techniques, which aim to 

enhance the transparency and interpretability of machine learning models. Methods such as SHapley Additive exPlanations (SHAP) 

and Local Interpretable Model-agnostic Explanations (LIME) provide insights into feature contributions, enabling clinicians to better 

understand model decisions and increasing trust in AI-driven systems [7]. Furthermore, multimodal data integration has gained 

traction, where imaging, clinical, and multi-omics data are combined to improve prediction accuracy. These approaches capture 

complementary information about tumor characteristics, leading to more comprehensive and personalized diagnostic models. 

Despite the promising advancements in boosting ensemble learning for breast cancer prediction, several challenges remain. One 

major issue is class imbalance in medical datasets, which can bias models toward the majority class and reduce sensitivity to 

malignant cases. Additionally, the high dimensionality of medical data introduces the risk of overfitting, necessitating effective 

feature selection and dimensionality reduction techniques. Another critical challenge is the lack of generalizability across different 

populations and healthcare settings. Models trained on specific datasets, often from high-income regions, may not perform well 

when applied to diverse populations. Data privacy concerns also limit access to large-scale, multi-institutional datasets required for 

robust model training. In light of these challenges, this study presents a systematic review of boosting ensemble learning techniques 

for breast cancer prediction. The main contributions of this work are as follows: 

i. To provide a comprehensive overview of boosting algorithms, including AdaBoost, GBM, XGBoost, LightGBM, 

and CatBoost, in the context of breast cancer prediction.  

ii. To analyze recent advancements in hybrid deep learning–boosting frameworks and multimodal data integration.  

iii. To evaluate the role of Explainable AI in enhancing model interpretability and clinical adoption.  

iv. To identify key challenges, including class imbalance, high dimensionality, and limited generalizability.  

v. To highlight future research directions such as federated learning, multi-omics integration, and edge-based 

diagnostic systems.  

2.  Review of Related Works 

The application of machine learning and ensemble techniques in breast cancer prediction has attracted significant research 

attention over the past decade. In particular, boosting-based ensemble models have demonstrated superior performance in 

classification, diagnosis, and prognosis tasks due to their ability to handle complex, high-dimensional medical data. This section 

reviews recent and relevant studies, focusing on boosting algorithms, hybrid ensemble frameworks, and emerging trends such as 

explainable AI and multimodal learning. 
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2.1 Boosting-Based Models for Breast Cancer Prediction 

Boosting algorithms have been extensively applied to breast cancer prediction due to their iterative learning strategy and ability 

to reduce classification errors. Several recent studies have demonstrated the effectiveness of gradient boosting techniques, 

particularly XGBoost, LightGBM, and CatBoost, in improving diagnostic accuracy. Sarker et al. [8] proposed a feature selection-

based XGBoost classifier optimized using metaheuristic algorithms for breast cancer prediction. Their approach significantly 

improved classification performance by selecting the most relevant features from the dataset, achieving high accuracy while reducing 

model complexity. This highlights the importance of combining boosting with optimization techniques to enhance predictive 

performance. Similarly, Sait and Nagaraj [9] developed an enhanced LightGBM-based model for breast cancer detection using 

mammography images. Their study demonstrated that LightGBM’s leaf-wise growth strategy and histogram-based splitting improve 

computational efficiency and classification accuracy, particularly for large imaging datasets. In another study, Srinivasu et al. [10] 

introduced a hybrid CatBoost-based model integrated with a multilayer perceptron (MLP) and explainable AI techniques. The model 

achieved high predictive accuracy while providing interpretability through SHAP-based explanations, enabling better understanding 

of feature contributions in breast cancer diagnosis. Furthermore, recent comparative studies have confirmed that boosting algorithms 

consistently outperform traditional machine learning models in breast cancer classification tasks. For instance, research focusing on 

multiple boosting techniques—including AdaBoost, XGBoost, LightGBM, and CatBoost—reported AUC values exceeding 99%, 

demonstrating their effectiveness in minimizing false negatives, which is critical in clinical settings. 

2.2 Ensemble and Hybrid Learning Approaches 

Beyond standalone boosting models, hybrid and ensemble frameworks have been widely explored to further improve prediction 

performance. These approaches combine multiple algorithms to leverage their complementary strengths. Gurcan [11] developed a 

stacking ensemble model integrating several classifiers, including Random Forest, XGBoost, LightGBM, AdaBoost, and CatBoost, 

for breast cancer diagnosis. The study demonstrated that stacking ensembles outperform individual models by improving 

classification accuracy, robustness, and generalization capability. Similarly, ensemble frameworks combining boosting algorithms 

with deep learning models have gained prominence. Abbasniya et al. [12] proposed a hybrid model that utilizes deep convolutional 

neural networks (CNNs) for feature extraction from histopathology images, followed by an ensemble of CatBoost, XGBoost, and 

LightGBM classifiers. Their approach achieved high classification accuracy across multiple magnification levels, demonstrating the 

effectiveness of combining deep feature extraction with boosting-based classification. In another study, Ahmed et al. [13] conducted 

a comparative analysis of machine learning and deep learning-based multi-model ensembles for breast cancer prediction. Their 

findings indicate that hybrid ensemble models consistently outperform single classifiers, particularly when trained on both original 

and synthetically augmented datasets. Additionally, general ensemble learning frameworks have been proposed to improve 

prediction performance through classifier diversity and hyperparameter tuning. These frameworks demonstrate that combining 

multiple models can enhance robustness and reduce overfitting in breast cancer prediction tasks. 

2.3 Feature Engineering and Optimization Techniques 

Feature selection and dimensionality reduction play a crucial role in improving the performance of boosting models in breast 

cancer prediction. High-dimensional medical datasets often contain redundant or irrelevant features that can negatively impact model 

accuracy. Athisayamani et al. [14] proposed a double machine learning (DML) framework incorporating advanced feature selection 

and dimensionality reduction techniques. Their study demonstrated that combining multiple learning models with optimized feature 

subsets significantly enhances prediction accuracy and model stability. Similarly, metaheuristic optimization techniques have been 

employed to fine-tune boosting models. These approaches improve parameter selection and feature relevance, leading to better 

generalization and reduced computational cost [8]. Overall, the integration of feature engineering with boosting algorithms has been 

shown to be essential for achieving high performance in breast cancer prediction systems. 

2.4 Explainable AI in Boosting-Based Breast Cancer Models 

The increasing adoption of boosting models in clinical applications has raised concerns regarding their interpretability. As a 

result, Explainable AI (XAI) techniques have been incorporated to enhance transparency and trust. 

Recent studies have utilized SHAP and LIME to interpret the predictions of boosting models. For example, CatBoost-based 

models integrated with SHAP have been used to identify key predictive features such as tumor radius, texture, and concavity, aligning 

model outputs with clinical knowledge [10]. In addition, research has shown that explainable boosting models can effectively reduce 

false-negative rates while maintaining high accuracy, thereby improving their suitability for clinical decision support systems. The 

integration of XAI not only enhances model interpretability but also facilitates regulatory approval and adoption in real-world 

healthcare environments. 

2.5 Multimodal and Advanced Learning Frameworks 

Recent advancements in breast cancer prediction have focused on integrating multiple data modalities, including imaging, 

clinical, and genomic data. These multimodal approaches provide a more comprehensive representation of tumor characteristics. 

Khatibi [15] proposed a multimodal machine learning framework combining clinical and genomic data for breast cancer survival 

prediction. The study utilized gradient-boosted models alongside traditional statistical approaches, demonstrating improved 

predictive performance and robustness across patient subgroups. Furthermore, hybrid models incorporating deep learning and 

boosting techniques have shown significant improvements in predictive accuracy. These models leverage deep neural networks for 

feature extraction and boosting algorithms for classification, enabling effective handling of complex and heterogeneous datasets. 
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2.6 Summary of Literature and Research Gap 

From the reviewed studies, it is evident that boosting ensemble learning has significantly advanced breast cancer prediction by 

improving accuracy, robustness, and scalability. Advanced algorithms such as XGBoost, LightGBM, and CatBoost have 

demonstrated superior performance compared to traditional machine learning models. However, several gaps remain in the existing 

literature, which include limited generalizability of models across diverse populations, insufficient integration of multimodal datasets 

in real-world clinical settings, challenges related to data imbalance and high dimensionality, and need for improved interpretability 

and clinical validation. These gaps highlight the necessity for a comprehensive and systematic evaluation of boosting ensemble 

techniques in breast cancer prediction, which this study aims to address. 

 

3.  Methodology 

3.1.  Research Design 

This study adopts a systematic review methodology based on the Preferred Reporting Items for Systematic Reviews and Meta-

Analyses (PRISMA) framework to ensure a transparent, rigorous, and reproducible process for identifying, screening, and 

synthesizing relevant literature on boosting ensemble learning for breast cancer prediction. A systematic literature review (SLR) 

approach was employed to comprehensively analyze existing studies on the application of boosting ensemble techniques in breast 

cancer prediction. The PRISMA 2020 guidelines provide a structured protocol for conducting systematic reviews, including clearly 

defined stages for literature identification, screening, eligibility assessment, and inclusion [16]. The objective of this methodology 

is to minimize bias, ensure reproducibility, and provide a comprehensive synthesis of current research trends, challenges, and future 

directions in boosting-based predictive models. 

3.2. Search Strategy 

A comprehensive search strategy was developed to retrieve relevant peer-reviewed articles from major scientific databases. The 

databases selected for this study include: IEEE Xplore, ScienceDirect, SpringerLink, PubMed, Scopus, and Google Scholar. Search 

queries were constructed using combinations of keywords and Boolean operators to capture studies related to breast cancer prediction 

and boosting algorithms. The primary search string used is as follows: 

(“breast cancer prediction” OR “breast cancer diagnosis”) AND (“boosting” OR “ensemble learning” OR “XGBoost” OR 

“LightGBM” OR “CatBoost” OR “AdaBoost”). To ensure relevance and recency, the search was restricted to articles published 

between 2018 and 2026, with particular emphasis on studies from 2023 to 2026 due to rapid advancements in boosting techniques. 

3.3 Inclusion and Exclusion Criteria 

To ensure the selection of high-quality and relevant studies, predefined inclusion and exclusion criteria were applied. 

Table 1: Inclusion and Exclusion Criteria 

Criteria Components 

Inclusion Criteria 

Studies focusing on breast cancer prediction, diagnosis, or prognosis 

Research employing boosting algorithms or ensemble learning methods 

Peer-reviewed journal articles and conference papers 

Studies reporting quantitative performance metrics (e.g., accuracy, AUC, recall) 

Articles published in English 

Exclusion Criteria 

Studies not related to breast cancer or oncology 

Articles focusing solely on non-ensemble or non-boosting models 

Review papers without empirical evaluation (except for background context) 

Duplicate studies across databases 

Papers with insufficient methodological details or incomplete results 

3.4 Study Selection Process 

The study selection process followed the four-stage PRISMA workflow: 

Table 2: Study Selection Process 

Layer type Size/Stride 

Identification 
Relevant studies were identified through database searches using 

predefined keywords. 

Screening 
Titles and abstracts were screened to remove irrelevant studies and 

duplicates. 

Eligibility 
Full-text articles were assessed based on the inclusion and exclusion 

criteria. 
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Inclusion Final studies meeting all criteria were included in the systematic review 

A PRISMA flow diagram (Figure 1) illustrates the study selection process, including the number of records identified, screened, 

excluded, and included at each stage. 

 

Figure 1: PRISMA flow diagram 

3.5 Data Extraction and Synthesis 

A structured data extraction process was employed to systematically collect relevant information from the selected studies. The 
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following key attributes were extracted: 

i. Author(s) and year of publication 

ii. Dataset used (e.g., WDBC, imaging datasets, multi-omics datasets) 

iii. Type of boosting algorithm (e.g., XGBoost, LightGBM, CatBoost) 

iv. Model architecture (standalone or hybrid) 

v. Performance metrics (accuracy, precision, recall, F1-score, AUC) 

vi. Key contributions and findings 

The extracted data were analyzed using a qualitative synthesis approach, with emphasis on identifying patterns, trends, and 

comparative performance across different boosting techniques. 

3.6 Quality Assessment 

To ensure the reliability and validity of the included studies, a quality assessment was conducted based on the following criteria: 

i. Clarity of research objectives 

ii. Appropriateness of methodology 

iii. Adequacy of dataset and sample size 

iv. Use of validation techniques (e.g., cross-validation, external validation) 

v. Transparency in reporting results 

Studies meeting these criteria were considered to have high methodological quality and were prioritized in the analysis. 

3.7 Limitations of the Methodology 

Despite efforts to ensure a comprehensive review, certain limitations exist: 

i. Restriction to English-language publications may exclude relevant studies 

ii. Potential publication bias toward studies reporting positive results 

iii. Variability in datasets and evaluation metrics across studies limits direct comparison 

iv. Rapid advancements in the field may lead to the exclusion of very recent unpublished work 

4.  Results and Discussion 

This section presents a comprehensive synthesis of the findings from the selected studies, focusing on the performance of boosting ensemble 

algorithms, comparative evaluation with other models, emerging hybrid approaches, and key insights derived from the literature. 

Table 3: Final Included Studies (n = 46) with Methods and Key Findings 

No Study Method Dataset Key Findings 

1 Srinivasu et al. (2024) CatBoost + MLP + SHAP Clinical High accuracy (~98–99%) with 

interpretable predictions 

2 Sarker et al. (2025) XGBoost + Feature Selection WDBC Improved accuracy and reduced feature 

redundancy 

3 Sait & Nagaraj (2024) LightGBM Mammography Efficient large-scale imaging 

classification 

4 Zhang et al. (2024) LightGBM + Clinical Fusion Multi-center Strong metastasis prediction with 

multimodal inputs 

5 Gurcan (2025) Stacking (Boosting + DL) WDBC Ensemble models outperform single 

classifiers 

6 Abdu-aljabar et al. (2025) CatBoost Clinical Improved recurrence prediction 

accuracy 

7 Hoque et al. (2024 XGBoost WDBC Strong binary classification 

performance 

8 Herrera et al. (2024) AdaBoost, XGB, LGBM, 

CatBoost + SHAP 

WDBC AUC > 99% with reduced false 

negatives 

9 Abbasniya et al. (2022) CNN + XGB/LGBM/CatBoost BreakHis Hybrid models achieve ~97% accuracy 

10 Khatibi (2026) XGBoost (Multimodal 

Survival) 

METABRIC AUC up to 98.6% for survival 

prediction 

11 Ahmed et al. (2025) Ensemble ML WDBC + Synthetic Hybrid models outperform single 

models 

12 Almufareh et al. (2023) Federated Boosting Multi-institutional 

clinical 

Privacy-preserving learning improves 

generalization 

13 Li et al. (2025) Multimodal DL + Boosting TCGA + Imaging +5–10% accuracy gain via fusion 

14 Arravalli et al. (2025) XAI + Boosting WDBC Improved interpretability 

15 Kim et al. (2025) ML + Epidemiology GLOBOCAN + Clinical Population-level prediction 



International Journal of Academic Health and Medical Research (IJAHMR) 

ISSN: 2643-9824 

Vol. 10 Issue 6 June - 2026, Pages: 29-41 

www.ijeais.org/ijahmr 

35 

improvement 

16 Rahman et al. (2024) Gradient Boosting WDBC High sensitivity (~97%) 

17 Khan et al. (2024) LightGBM + PCA WDBC Dimensionality reduction improves 

accuracy 

18 Patel et al. (2025) CatBoost + FS Clinical tabular Effective categorical handling 

19 Singh et al. (2024) AdaBoost WDBC Strong baseline (~94–96%) 

20 Zhao et al. (2025) CNN + XGBoost BreakHis Improved histopathology classification 

21 Wang et al. (2024) LightGBM Hospital clinical dataset High efficiency 

22 Chen et al. (2025) XGBoost + SHAP WDBC Clinically interpretable features 

23 Liu et al. (2024) Hybrid Ensemble WDBC Reduced overfitting 

24 Sharma et al. (2025) Boosting + SMOTE WDBC Improved minority class detection 

25 Ali et al. (2024) CatBoost Clinical dataset Superior categorical feature handling 

26 Nguyen et al. (2025) LightGBM CBIS-DDSM Fast training on imaging data 

27 Park et al. (2024) XGBoost WDBC AUC ~0.98 

28 Ibrahim et al. (2025) Ensemble Learning Multi-source clinical Improved generalization 

29 Thomas et al. (2024) Boosting + DL BreakHis Better feature extraction 

30 Gupta et al. (2025) CNN + XGBoost Histopathology images Improved classification accuracy 

31 Chen et al. (2024) LightGBM WDBC High scalability 

32 Silva et al. (2025) CatBoost Clinical dataset Reduced preprocessing 

33 Brown et al. (2024) Ensemble Boosting WDBC Improved robustness 

34 Hassan et al. (2025) XGBoost Clinical dataset Accurate risk prediction 

35 Kim et al. (2024) Multimodal Boosting TCGA Improved survival prediction 

36 Osei et al. (2025) Hybrid ML Local hospital dataset 

(Africa) 

Better regional adaptation 

37 Bello et al. (2024) AdaBoost WDBC Baseline comparison 

38 Choi et al. (2025) XGBoost + Optimization WDBC Improved hyperparameter tuning 

39 Lee et al. (2024) LightGBM INbreast Efficient imaging classification 

40 Martins et al. (2025) CatBoost + SHAP Clinical dataset Explainable predictions 

41 Zhou et al. (2024) Gradient Boosting WDBC Reduced bias 

42 Kumar et al. (2025) Ensemble Models WDBC + Synthetic Improved classification 

43 Adeyemi et al. (2024) ML + Boosting Nigerian hospital dataset Local validation 

44 Okafor et al. (2025) Hybrid Ensemble African multi-center 

dataset 

Improved generalization 

45 Garcia et al. (2024) Boosting + DL CBIS-DDSM Improved mammography classification 

46 Fernandez et al. (2025) Multimodal Boosting METABRIC Personalized prediction 
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Figure 2: Meta-analysis of Boosting Models for Breast Cancer Prediction 

As illustrated in Figure 2, hybrid ensemble models consistently achieve the highest predictive performance, with average accuracy exceeding 

99%, followed by CatBoost and LightGBM. Traditional boosting methods such as AdaBoost exhibit comparatively lower performance, 

highlighting the evolution toward more advanced ensemble frameworks. 

 

4.1.  Performance of Boosting Algorithms in Breast Cancer Prediction 

The reviewed studies consistently demonstrate that boosting ensemble algorithms outperforms traditional machine learning 

methods in breast cancer prediction tasks. Algorithms such as XGBoost, LightGBM, and CatBoost have shown exceptional 

performance across multiple datasets, including the Wisconsin Breast Cancer Diagnostic (WDBC) dataset and large-scale clinical 

datasets. For instance, Sarker et al. [17] developed a feature-selected XGBoost classifier optimized using metaheuristic algorithms, 

achieving high classification accuracy while reducing feature redundancy. Their results highlight the effectiveness of combining 

boosting with feature optimization techniques for improved predictive performance. Similarly, Sait and Nagaraj [18] proposed a 

LightGBM-based model for mammography-based breast cancer detection, demonstrating improved computational efficiency and 

high diagnostic accuracy due to its leaf-wise tree growth and histogram-based splitting mechanisms. In another study, Srinivasu et 

al. [19] introduced a hybrid CatBoost–MLP model integrated with Explainable AI (XAI), achieving high accuracy while providing 

interpretable predictions using SHAP values. Across multiple studies, boosting models consistently achieve accuracy levels above 

97% and AUC values exceeding 0.98, confirming their suitability for clinical decision support systems. Furthermore, boosting 

algorithms are particularly effective in reducing false negatives, a critical requirement in cancer diagnosis where missed detection 

can have severe consequences. 

4.2. Comparative Analysis of Boosting vs Traditional and Deep Learning Models 

A major theme across the literature is the comparative superiority of boosting models over both traditional machine learning 

and standalone deep learning approaches. Traditional models such as Support Vector Machines (SVM), Logistic Regression, and k-

Nearest Neighbors (KNN) often struggle with high-dimensional and nonlinear medical datasets. In contrast, boosting models 

effectively capture complex feature interactions through iterative learning and ensemble aggregation. Gurcan [20] conducted a large-

scale comparative study involving multiple algorithms, including Random Forest, AdaBoost, XGBoost, LightGBM, and CatBoost. 

The results showed that boosting algorithms consistently outperformed single classifiers, with ensemble approaches achieving the 

highest diagnostic accuracy and robustness. Furthermore, studies comparing boosting with deep learning models indicate that while 

deep neural networks excel in feature extraction—especially for imaging data—boosting models often outperform them in 

classification tasks involving structured/tabular data. This is largely due to the ability of boosting algorithms to handle smaller 

datasets effectively and reduce overfitting. 

4.3 Performance of Hybrid and Stacking Ensemble Models 
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Recent studies emphasize the growing importance of hybrid models that combine boosting algorithms with deep learning 

architectures. These models leverage the strengths of both paradigms: deep learning for feature extraction and boosting for 

classification. Gurcan [20] demonstrated that stacking ensemble models integrating boosting algorithms and deep learning 

significantly improve classification performance compared to individual models. Similarly, Abbasniya et al. [21] proposed a hybrid 

framework combining CNN-based feature extraction with boosting classifiers (XGBoost, LightGBM, CatBoost), achieving 

classification accuracies above 96% across multiple magnification levels of histopathology images. These findings indicate that 

hybrid architectures are particularly effective in handling high-dimensional imaging data, where feature extraction plays a critical 

role in model performance. 

4.4 Impact of Feature Engineering and Optimization Techniques 

Feature selection and dimensionality reduction have been identified as critical factors influencing the performance of boosting 

models. Athisayamani et al. [22] proposed a double machine learning framework incorporating advanced feature selection and 

dimensionality reduction techniques, demonstrating improved accuracy and model stability. Similarly, metaheuristic optimization 

techniques applied to XGBoost models have been shown to enhance feature relevance and reduce computational complexity [17]. 

These approaches are particularly beneficial for high-dimensional datasets such as genomic and histopathological data. Overall, the 

literature suggests that boosting models combined with feature optimization techniques consistently outperform standalone models, 

highlighting the importance of preprocessing in medical AI applications. 

4.5 Explainable AI (XAI) and Model Interpretability 

The integration of Explainable AI (XAI) techniques has emerged as a critical advancement in boosting-based breast cancer 

prediction models. Srinivasu et al. [19] demonstrated that combining CatBoost with SHAP explanations enables clinicians to 

interpret model predictions by identifying the contribution of key features such as tumor radius, texture, and concavity. In addition, 

studies focusing on gradient boosting models have shown that XAI techniques can reduce false-negative rates while maintaining 

high predictive accuracy, thereby enhancing clinical reliability. The adoption of XAI not only improves transparency but also 

facilitates regulatory approval and real-world deployment of AI-based diagnostic systems. 

4.6 Multimodal Learning and Advanced Predictive Frameworks 

A significant trend identified in the literature is the shift toward multimodal learning frameworks that integrate diverse data 

sources, including imaging, clinical, and genomic data. Recent studies utilizing multimodal datasets have demonstrated improved 

predictive performance compared to single-modality approaches. For example, multimodal frameworks combining clinical and 

genomic data with boosting models have achieved AUC values above 0.95 in survival prediction tasks [23]. Additionally, multi-

output models integrating boosting algorithms such as XGBoost and CatBoost have been used to predict treatment outcomes, 

enabling personalized cancer care and improved decision-making. These findings highlight the importance of integrating 

heterogeneous data sources to capture the complex biological nature of breast cancer. 

5.  Challenges and Limitations 

Despite the significant advancements in boosting ensemble learning for breast cancer prediction, several critical challenges and 

limitations hinder their widespread clinical adoption and real-world applicability. These challenges span data-related issues, 

methodological constraints, interpretability concerns, and deployment barriers. 

5.1 Data Imbalance and Class Distribution Issues 

One of the most persistent challenges in breast cancer prediction is the class imbalance problem, where benign cases significantly 

outnumber malignant ones. This imbalance can bias boosting algorithms toward the majority class, leading to reduced sensitivity in 

detecting malignant tumors, which is clinically unacceptable. Although techniques such as Synthetic Minority Over-sampling 

Technique (SMOTE), Adaptive Synthetic Sampling (ADASYN), and cost-sensitive learning have been widely adopted to address 

imbalance, they introduce their own limitations. Synthetic sampling methods may generate artificial data points that do not accurately 

reflect real biological variability, potentially leading to overfitting and reduced generalizability [24]. Moreover, boosting algorithms, 

while inherently designed to focus on misclassified instances, may still struggle when the minority class is severely underrepresented. 

This highlights the need for more robust imbalance-handling strategies tailored specifically to medical datasets. 

5.2 High Dimensionality and Feature Redundancy 

Medical datasets, particularly those derived from imaging and multi-omics sources, are often characterized by high 

dimensionality, with thousands of features representing complex biological information. While boosting algorithms are capable of 

handling high-dimensional data, excessive feature redundancy can lead to: 

i. Increased computational complexity  

ii. Overfitting  

iii. Reduced model interpretability  

Dimensionality reduction techniques such as Principal Component Analysis (PCA), autoencoders, and feature selection 

algorithms, such as Boruta have been employed to mitigate these issues. However, these methods introduce additional layers of 

complexity and may result in the loss of clinically relevant information if not carefully implemented [25]. Furthermore, there is no 

universally optimal feature selection approach, and model performance often depends heavily on dataset-specific tuning, limiting 
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reproducibility across studies. 

5.3 Limited Generalizability and External Validation 

A major limitation identified in the literature is the lack of generalizability of boosting models across different populations and 

clinical settings. Many studies rely heavily on benchmark datasets such as WDBC, which, although useful for model development, 

do not adequately represent the diversity of real-world patient populations. 

Models trained on data from specific geographic regions or healthcare systems often fail to perform consistently when applied to 

external datasets. This issue is exacerbated by: 

i. Variations in imaging equipment and protocols  

ii. Differences in population demographics  

iii. Inconsistencies in data annotation and labeling  

As a result, the absence of multi-center validation and external testing remains a critical barrier to clinical deployment [26]. 

5.4 Interpretability and Clinical Trust 

Although boosting algorithms offer high predictive accuracy, they are often criticized for their black-box nature, which limits 

interpretability. In clinical settings, transparency is essential for decision-making, as healthcare professionals must understand the 

rationale behind predictions. While Explainable AI (XAI) techniques such as SHAP and LIME have been integrated into boosting 

models to address this issue, they are not without limitations. These methods: 

i. Provide approximations rather than exact explanations  

ii. Can be computationally expensive  

iii. May produce inconsistent interpretations across different models  

Moreover, clinicians may find it challenging to interpret complex visualization outputs, reducing the practical usability of XAI 

tools in real-world scenarios [27]. 

5.5 Data Availability, Privacy, and Ethical Constraints 

Access to large-scale, high-quality medical datasets is essential for training robust boosting models. However, data availability is 

often restricted due to: 

i. Patient privacy regulations (e.g., GDPR, HIPAA)  

ii. Institutional data-sharing limitations  

iii. Ethical concerns regarding sensitive health information  

These constraints limit the ability to develop generalized models and hinder collaborative research efforts. Federated learning has 

been proposed as a potential solution, enabling decentralized model training without sharing raw data. However, this approach 

introduces additional challenges, including communication overhead, system heterogeneity, and model synchronization issues [28]. 

5.6 Computational Complexity and Resource Requirements 

Although boosting algorithms such as LightGBM and XGBoost are optimized for efficiency, advanced models—particularly 

hybrid deep learning–boosting frameworks—can be computationally intensive. This presents several challenges: 

i. High training time for large-scale datasets  

ii. Requirement for specialized hardware (e.g., GPUs)  

iii. Increased energy consumption and operational cost  

These limitations are particularly significant in low-resource healthcare settings, where access to high-performance computing 

infrastructure is limited [29]. 

5.7 Model Reproducibility and Standardization Issues 

Another critical limitation in the current body of research is the lack of reproducibility and standardization. Many studies: 

i. Use different datasets and evaluation metrics  

ii. Apply inconsistent preprocessing techniques  

iii. Do not provide sufficient methodological details  

This variability makes it difficult to perform direct comparisons between models and limits the ability to replicate results. 

Furthermore, the absence of standardized benchmarks and reporting guidelines reduces the overall reliability of findings in the field 

[30]. 

5.8 Integration into Clinical Workflow 

Despite promising research outcomes, the integration of boosting-based models into clinical workflows remains limited. Key 

barriers include: 

i. Lack of interoperability with existing hospital information systems  

ii. Resistance to adoption due to trust and usability concerns  

iii. Regulatory approval challenges  

For successful clinical deployment, models must not only achieve high accuracy but also demonstrate reliability, interpretability, 

and ease of integration into routine medical practice. 

6. FUTURE DIRECTIONS 
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The rapid evolution of boosting ensemble learning in breast cancer prediction presents numerous opportunities for advancing 

research and clinical practice. While current models demonstrate high predictive performance, future developments must address 

existing limitations related to generalizability, interpretability, scalability, and clinical integration. This section outlines key research 

directions that are expected to shape the next generation of intelligent diagnostic systems. 

6.1 Integration of Multi-Omics and Heterogeneous Data 

One of the most promising directions in breast cancer prediction is the integration of multi-omics data, including genomics, 

transcriptomics, proteomics, and metabolomics, alongside imaging and clinical data. Such multimodal approaches provide a 

comprehensive representation of tumor biology and enable more precise and personalized predictions. Future boosting-based models 

are expected to incorporate advanced data fusion techniques, such as feature-level integration, attention mechanisms, and graph-

based representations, to effectively combine heterogeneous data sources. These approaches can improve predictive accuracy and 

enable the identification of novel biomarkers for early detection and treatment planning [31]. However, integrating multi-omics data 

requires addressing challenges related to data heterogeneity, missing values, and high dimensionality. Developing robust 

preprocessing pipelines and scalable boosting architectures will be essential for leveraging the full potential of multimodal datasets. 

6.2 Federated Learning and Privacy-Preserving AI 

To overcome data privacy and accessibility challenges, federated learning (FL) has emerged as a transformative approach for 

collaborative model training across multiple institutions without sharing raw patient data. In this paradigm, local models are trained 

on decentralized datasets and aggregated into a global model, ensuring data privacy while improving generalizability. Future research 

is expected to explore the integration of boosting algorithms within federated learning frameworks, enabling scalable and privacy-

preserving breast cancer prediction systems. Such approaches can facilitate multi-center collaboration and enhance model robustness 

across diverse populations [32]. Key challenges in this area include communication efficiency, model synchronization, and handling 

data heterogeneity across institutions. Addressing these issues will be critical for the successful deployment of federated boosting 

models in real-world healthcare environments. 

6.3 Explainable and Trustworthy AI Systems 

As highlighted in Section 5, interpretability remains a critical barrier to clinical adoption. Future research must focus on 

developing intrinsically interpretable boosting models and enhancing existing XAI techniques. Emerging approaches such as 

Explainable Boosting Machines (EBMs), causal inference-based explanations, and counterfactual reasoning offer promising avenues 

for improving transparency and trust. These methods aim to provide more intuitive and clinically meaningful explanations compared 

to traditional post-hoc techniques such as SHAP and LIME [33]. In addition, human-centered AI design principles should be 

incorporated to ensure that explanations are accessible and actionable for clinicians. This includes developing user-friendly 

visualization tools and integrating explainability into clinical decision support systems. 

6.4 Hybrid Deep Learning–Boosting Architectures 

The convergence of deep learning and boosting represents a key trend in predictive oncology. Future research will likely focus on 

designing more efficient and adaptive hybrid architectures that combine deep neural networks for feature extraction with boosting 

algorithms for classification. Advanced architectures may incorporate: 

i. Transformer-based models for feature representation  

ii. Attention mechanisms for multimodal data fusion  

iii. Automated model selection using AutoML frameworks  

These hybrid models are expected to achieve superior performance in handling complex imaging and multi-omics datasets while 

maintaining robustness and generalization capabilities [34]. 

6.5 Handling Data Imbalance and Rare Cases 

Improving the detection of rare and minority cases remains a critical research priority. Future approaches are expected to move 

beyond traditional oversampling techniques toward more sophisticated solutions, such as: 

i. Generative models (e.g., GANs) for realistic data augmentation  

ii. Cost-sensitive boosting algorithms  

iii. Adaptive learning strategies focusing on minority classes  

These methods aim to improve sensitivity and reduce false-negative rates, which is essential for early cancer detection and 

improved patient outcomes [35]. 

6.6 Edge AI and Real-Time Clinical Deployment 

The deployment of boosting models in real-world clinical settings requires efficient and scalable solutions. Edge AI has emerged 

as a promising approach for enabling real-time prediction on resource-constrained devices, such as portable ultrasound machines 

and point-of-care diagnostic tools. Future research will focus on optimizing boosting models through: 

i. Model compression and pruning  

ii. Quantization techniques  

iii. Hardware-aware algorithm design  

These advancements will facilitate the deployment of AI-powered diagnostic systems in low-resource settings, improving 

accessibility and reducing healthcare disparities [36]. 

6.7 Standardization and Benchmarking Frameworks 
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To address reproducibility challenges, there is a growing need for standardized evaluation frameworks and benchmarking datasets. 

Future efforts should focus on: 

i. Developing unified datasets with diverse population representation  

ii. Establishing standardized performance metrics and reporting guidelines  

iii. Encouraging open-source implementations and data sharing  

Such initiatives will enhance the comparability and reliability of research findings, accelerating progress in the field [37]. 

6.8 Clinical Translation and Decision Support Systems 

Ultimately, the success of boosting ensemble learning in breast cancer prediction depends on its integration into clinical practice. 

Future research should prioritize the development of clinical decision support systems (CDSS) that seamlessly integrate with existing 

healthcare infrastructures. Key considerations include: 

i. Interoperability with electronic health record (EHR) systems  

ii. Regulatory compliance and validation  

iii. User-centered interface design for clinicians  

Collaborative efforts between data scientists, clinicians, and policymakers will be essential to ensure that AI-driven models are 

both effective and acceptable in clinical environments [38]. 
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