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Abstract 
Detecting breast cancer early can significantly improve patient survival and treatment 
outcomes. However, the large number of features in medical imaging data makes it challenging 
to identify the most relevant predictors. This study introduces a framework that strengthens 
breast-cancer diagnosis by combining several complementary feature-selection methods—
Boruta, SHAP, Relief, a Multi-Objective Evolutionary Algorithm (MOEA), and an Autoencoder. 
The feature rankings from each method are combined using a weighted aggregation strategy, 
followed by a stability check to retain only consistently important features. The final set of 
stable features was tested on the Wisconsin Diagnostic Breast Cancer (WDBC) dataset by 
training several state-of-the-art classifiers—ExtraTrees, CatBoost, LightGBM, XGBoost, and a 
soft Voting Classifier—within a 10-fold cross-validation framework. All classifiers achieved 
over 94% accuracy and ROC–AUC above 0.98, with ExtraTrees performing best at 
approximately 95.4% accuracy and 0.991 ROC–AUC. Compared with training on all original 
features, the proposed pipeline raises accuracy by roughly 4.5 percentage points (from 91% to 
95.44 %) and improves mean ROC–AUC from 0.96 to 0.991.SHAP analysis highlights worst 
concave points, worst area, worst radius, mean concavity and area error as the most influential 
features—findings consistent with established clinical evidence. By combining probabilistic, 
evolutionary and neural-network–based selection techniques, the framework embodies key 
principles of soft computing and provides a reliable, interpretable basis for computer-aided 
diagnosis. It can be readily extended to larger or more heterogeneous datasets and to other 
imaging-based disease-detection tasks. 
 
Keywords: Breast cancer diagnosis, hybrid feature selection, predictive modeling, SHAP 
values, Random Forest classifier, XGBoost algorithm. 

1 Introduction 
Breast cancer continues to be among the leading cancers worldwide and is a significant cause 
of cancer-related mortality in women. Global health reports show a continuing upward trend 
in new cases, making breast cancer a serious public-health concern for both industrialized 
and developing countries. Detecting breast cancer at an early stage and making a correct 
diagnosis are crucial, as timely medical intervention increases the likelihood of effective 
treatment, enhances patient survival, and helps lessen the strain on healthcare services. In 
the last decade, machine learning and data mining techniques have enabled automated 
systems that analyze mammographic and clinical datasets. These systems assist radiologists 
and medical practitioners in diagnostic workflows. 

Despite the availability of large amounts of medical imaging and patient-related data, not all 
recorded features contribute equally to the prediction of disease. In fact, many clinical 
datasets contain features that are irrelevant, redundant, or noisy. These kinds of features may 
confuse the learning models, leading to lower predictive accuracy and greater computational 
cost, which in turn slows down the diagnostic workflow. To address these issues, the 
application of feature selection has become a key step in building reliable predictive models. 
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Feature selection aims to identify the most informative and discriminative features so that 
models are trained only on variables that genuinely influence the classification outcome. 

Single-algorithm feature-selection methods may overlook subtle yet clinically important 
signals, and their outcomes can vary significantly depending on the data or sampling. 
To address these weaknesses, this study introduces an integrated ensemble framework that 
draws on several complementary selection techniques—Boruta, SHAP, ReliefF, a Multi-
Objective Evolutionary Algorithm (MOEA), and an Autoencoder. 

By combining filter-based, wrapper-based and embedded strategies, the framework captures 
different perspectives on feature relevance and produces a broader, more balanced ranking 
than any one method alone. 

To make the final feature set more dependable, the separate rankings are merged through a 
weighted rank-aggregation procedure that accounts for the relative contribution of each 
method. We also apply bootstrap resampling to ensure that the selected features remain 
consistent across different random splits of the dataset. 

In healthcare studies, regularization helps ensure that the selected features are reliable and 
remain valid even with small changes in data. 

Focusing on features that remain stable across methods and samples greatly lowers the 
chance of bias or over fitting—common risks when a single selection algorithm is used. 

After this consolidated and stable subset is identified, it is evaluated with several advanced 
machine-learning classifiers: ExtraTrees, CatBoost, LightGBM, XGBoost, and a soft Voting 
Classifier that blends the strengths of the individual learners. 

We evaluated how well the models separated malignant and benign cases in the WDBC 
dataset using common measures such as accuracy, precision, recall, F1-score, and ROC-AUC. 
Interpretability, essential for clinical decision support, is given equal emphasis. 
SHAP (Shapley Additive Explanations) was used to interpret the model outputs. 
It assigns a contribution score to each feature for every individual prediction. 
Through this analysis, the study identifies which variables most strongly affect the 
classification outcome. 

Such transparency helps clinicians understand how the model arrives at its decision, thereby 
improving confidence in computer-assisted diagnosis. 

Overall, the findings indicate that integrating several feature-selection techniques with 
weighted rank aggregation and stability control produces breast cancer classifiers that 
perform with higher accuracy and dependability. 

In addition, the SHAP-based interpretation verifies that the most influential features align 
with established medical indicators, lending further clinical credibility to the proposed 
framework. 
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The proposed framework enhances predictive accuracy while offering interpretable, 
clinically meaningful insights that can assist in evidence-based medical decisions. 
Given its general design, the same methodology can be extended to other high-dimensional 
biomedical or medical imaging datasets, enabling the development of reliable and 
transparent computer-aided diagnostic systems beyond breast cancer analysis. 

2 Literature Review 

2.1 Early Work 
Early research on computer-aided breast cancer detection mainly relied on traditional 
machine-learning models such as SVM, k-NN, and Decision Trees, often evaluated on the 
WDBC dataset. Although these works proved the potential of automated diagnosis, their 
accuracy was modest, and the use of all features increased redundancy and computation [1–
3]. These drawbacks encouraged later researchers to explore feature-selection techniques to 
pinpoint the most informative variables before performing classification [4, 5]. 

2.2 Advanced Feature-Selection Techniques 
Recent studies have introduced several effective feature-selection techniques that extend 
beyond traditional filter and wrapper methods. 

Boruta [6, 7]:  
Boruta, a Random Forest–based wrapper, compares each actual feature with randomly 
created “shadow” features. It keeps only those that consistently contribute to the model’s 
prediction. This approach performs well with large biomedical datasets. 
 
ReliefF [8]:  
ReliefF improves upon the original Relief algorithm. It estimates the importance of each 
feature by sampling instances and analyzing their nearest neighbors from both the same and 
opposite classes. 
 
SHAP [9, 10]: 
Although mainly used for model explanation, SHAP values can be averaged across samples to 
rank features by importance. It is model-agnostic and grounded in game theory, offering 
interpretable feature selection. 
 
Multi-Objective Evolutionary Algorithms (MOEA) [11, 12]:  
MOEA-based methods optimize multiple goals, such as accuracy and subset size, through 
evolutionary search. They reduce bias toward any single criterion and have proven effective 
in medical diagnosis tasks. 
 
Autoencoder-based Selection [13–15]:  
Deep autoencoders compress data into a latent form. Features that enable accurate 
reconstruction are treated as significant. This method captures complex nonlinear patterns 
common in mammographic images. 
These methods serve as a complement to meta-heuristic optimization techniques such as Ant 
Colony Optimization (ACO) and Particle Swarm Optimization (PSO)[5,12,16]and Genetic 
Algorithms (GA)[1], providing a diverse toolkit for selecting stable [9]and informative 
subsets of breast-cancer features. 
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2.3 Ensemble and Deep-Learning Classifiers 
Beyond feature selection, recent research highlights the value of ensemble and deep-learning 
methods for breast-cancer prediction: 

Hybrid and Stacking Ensembles introduced a hybrid stacking framework combining multiple 
base learners, while used a rank-based ensemble to improve stability[13,17,18]. 
It was shown that an ensemble of deep convolutional neural networks (CNNs) reached 
cutting-edge accuracy when applied to histopathology images [19].  

Compared bagging, boosting and stacking ensembles and reported consistent improvements 
over individual classifiers [8, 14]. Proposed an explainable deep ensemble that enhanced 
both predictive power and interpretability. Further confirmed that gradient-boosting 
frameworks such as XGBoost and LightGBM outperform many traditional algorithms when 
trained on carefully selected features [3]. 

2.4 Explainable AI and Clinical Relevance 
Model interpretability is increasingly important for clinical adoption.SHAP analysis was used 
to pinpoint the features that most strongly affected the breast-cancer models, allowing 
doctors to check that these key predictors matched established clinical understanding [9, 10, 
15]. 
Such explainable-AI approaches help build trust in automated diagnostic systems. 

2.5 Multimodal and Integrated Approaches 
Recent work also explores combining multiple data modalities and decision strategies. Fused 
imaging and clinical data to enhance diagnostic accuracy [18], while proposed a multimodal 
framework integrating mammographic and genomic features [20]. 

These studies show that integrating heterogeneous information can yield more 
comprehensive and clinically useful models. 

2.6 Research Gap and Motivation 
Despite these advances, most existing studies examine each feature-selection algorithm in 
isolation or combine only a limited subset of them. 

Few works have systematically compared and integrated classical meta-heuristics (ACO, PSO, 
GA) with modern approaches such as Boruta, SHAP, ReliefF, MOEA and Autoencoder-based 
selection within a unified ensemble-learning framework. 

The present study addresses this gap by evaluating and combining these complementary 
strategies, and by merging the selected features through both voting and union strategies 
before applying ensemble classifiers (Random Forest, XGBoost and Logistic Regression with 
soft voting). 

This integrated approach aims to deliver not only high predictive accuracy but also improved 
feature-set stability and interpretability. 

3 Methodologies 

3.1 Dataset 
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The study utilized the Wisconsin Diagnostic Breast Cancer (WDBC) dataset, which is a 
standard benchmark for evaluating machine-learning approaches in breast cancer diagnosis. 
The dataset comprises 569 patient samples, each represented by 30 numerical features along 
with a binary outcome variable. These features are extracted from digitized fine needle 
aspirate (FNA) images of breast tissue, reflecting morphological characteristics of cell nuclei, 
including measurements such as radius, perimeter, texture, smoothness, compactness, 
concavity, and symmetry. The binary target variable classifies each instance as either 
malignant or benign, making the dataset well-suited for supervised learning and binary 
classification tasks. Because the dataset is well-curated and publicly available, it enables 
reliable and reproducible comparisons across different studies and provides a strong 
foundation for developing and validating machine-learning frameworks aimed at early 
cancer detection. Fig. 1 presents the step-by-step road map of the proposed methodology, 
from data acquisition to model evaluation. 
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Fig. 1.Roadmap of the proposed ensemble feature-selection and classification 
framework. 

3.2 Feature Selection Pipeline 
To isolate the most informative and stable predictors, we designed a multi-stage feature-
selection pipeline that integrates several complementary algorithms, applies a weighted 
rank-aggregation step, and finally incorporates a stability regularization check. Single-
method feature selection can be biased by the choice of algorithm or sampling noise. In 
contrast, our pipeline selects features that remain consistently relevant across multiple 
analytical methods. 

This significantly reduces selection bias and improves reproducibility across different runs 
of the experiment. 

The pipeline incorporates five distinct feature-selection strategies, each capturing a different 
notion of feature relevance: 

Boruta – a tree-based wrapper method that evaluates the importance of real features by 
comparing them against randomly permuted “shadow” variables. This comparison allows 
Boruta to detect all truly relevant attributes, even those with weak individual effects but 
strong joint contributions. 

SHAP (SHapley Additive exPlanations) –a model-agnostic exPlainability technique that 
quantifies how strongly each feature contributes to the prediction probability. Although 
originally developed for model interpretation, aggregated SHAP values can be leveraged to 
rank feature importance in a theoretically grounded, game-theoretic manner. 

ReliefF–a neighborhood-based algorithm that estimates a feature’s importance by repeatedly 
sampling instances and comparing nearest neighbors from the same and opposite classes. 
This makes ReliefF particularly effective for capturing feature interactions and for datasets 
where subtle local patterns drive class membership. 

Multi-Objective Evolutionary Algorithm (MOEA) – a population-based metaheuristic that 
searches for a feature subset which simultaneously optimizes multiple competing objectives, 
such as maximizing classification accuracy while minimizing subset size. This evolutionary 
strategy helps prevent overemphasis on any one performance measure and encourages a 
more balanced outcome. 

Autoencoder-An auto encoder is a type of neural network that compresses high-dimensional 
data into a smaller latent representation. 

Features that contribute most to accurately reconstructing the original data are considered 
the most important, because they capture key relationships and help remove redundant 
variables, including complex non-linear patterns. 

Once the five methods produced their respective importance scores or rankings, a weighted 
rank–aggregation step was carried out. 
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This process gives stronger priority to features that are repeatedly placed near the top by 
several techniques, while features that receive lower or inconsistent rankings are down-
weighted. 
This consensus-based ranking reduces the influence of any single algorithm and highlights 
features consistently deemed important across methods. 

To further reinforce reliability, we performed stability regularization, which evaluates the 
persistence of each feature’s ranking across repeated bootstrap samples. 
Only features that remained stable across these resampled datasets were retained in the final 
subset. 
This step is crucial for ensuring that the resulting feature set is not an artifact of a particular 
train–test split but is genuinely robust and reproducible. 

The complete workflow is summarized in Algorithm 1: 

Algorithm 1: Robust Feature Selection with Weighted Rank Aggregation and Stability 
Regularization 

Input: 
    D ← Dataset with features F = {f1, f2, …, fm} and target labels y 
    M ← {Boruta, SHAP, ReliefF, MOEA, Autoencoder}   // Feature-selection methods 
    B ← Number of bootstrap iterations 
 
Output: 
    F* ← Final stable and weighted feature subset 
 
Procedure RobustFeatureSelection(D, M, B): 
 
1.  Initialize an empty matrix R to store feature rankings for each method 
 
2.  For each method m ∈ M do 
        Apply method m to dataset D 
        Compute feature ranking rm(fi) for all fi ∈ F 
        Store rm(fi) in matrix R 
    End For 
 
3.  Weighted Rank Aggregation: 
        For each feature fi ∈ F do 
            Compute WeightedAvg(fi) = Σ (wm × rm(fi)) / Σ wm 
        End For 
        Sort features in ascending order of WeightedAvg(fi) 
 
4.  Stability Regularization: 
        For each bootstrap iteration b = 1 to B do 
            Create bootstrap sample Db from D 
            Recompute aggregated feature rankings on Db 
            Compute stability score S(fi) across all iterations 
        End For 
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        Retain features with S(fi) ≥ τ (stability threshold) 
 
5.  Select Final Features: 
        F* ← Subset of features satisfying stability criterion 
        Return F* 
 
End Procedure 
Algorithm 1.  Pseudocode  of the proposed feature-selection pipeline. 

3.3 Classification 
The final stable feature subset Ffinal, was used to train multiple classifiers: CatBoost, 
ExtraTrees, Voting Classifier, LightGBM, and XGBoost. Performance was evaluated using 10-
fold cross-validation across standard metrics: Accuracy, Precision, Recall, F1-score, and ROC-
AUC. Additionally, SHAP analysis was performed to interpret the top five contributing 
features for each model, providing clinical insight into feature relevance. 

Table 1. Performance metrics of classifiers using selected features. 

Model 
Accur

acy 
(%) 

Pre
cisi
on 

Rec
all 

F1-
Sco
re 

ROC
-

AUC 
SHAP Top Features 

CatBoo
st 

95.08 
0.9
52 

0.9
72 

0.9
62 

0.99
3 

(1).Worst concave points(2). Worst area(3). 
Worst radius (4).Worst concavity (5).Area 

error . 

ExtraT
rees 

95.44 
0.9
6 

0.9
69 

0.9
64 

0.99
1 

(1) .Worst radius (2).Worst concave 
points(3).Worst area (4). Mean concavity 

(5).Worst concavit 

Voting 
Classifi

er 

95.25
4833 

0.9
558
01 

0.9
691
88 

0.9
624
48 

0.98
970

7 

(1). Worst area(2). Worst concave 
points(3).Worst radius (4). Worst concavity 

(5).Area error 

LightG
BM 

94.55
8271 

0.9
507

6 

0.9
665
87 

0.9
577
25 

0.98
902

4 

(1) .Worst area (2).Worst concave points(3) 
. Worst concavity (4). Worst radius (5)Area 

error 

XGBoos
t 

0.940
3 

0.9
499 

0.9
581 

0.9
529 

0.98
93 

(1).Concavity error (2). Area error (3).Worst 
smoothness  (4).Concave points error(5). 

Worst area 

 
Table 1: 

The classification results using the selected feature subset are summarized in Table 1. Among 
the evaluated models, ExtraTrees achieved the highest accuracy (95.44%), followed closely 
by CatBoost (95.08%) and the Voting Classifier (95.25%). LightGBM and XGBoost also 
performed competitively, with accuracies above 94%. All classifiers demonstrated high recall 
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(≥0.96) and strong ROC-AUC values (≥0.989), confirming that the selected features reliably 
discriminate malignant from benign cases. 

 

Fig. 2 Comparative accuracy(%) of classifiers using the selected feature subset. 

 

Fig. 3 ROC–AUC comparison across classifiers. 
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Fig. 2   illustrates the comparative accuracy (%) of all classifiers. ExtraTrees consistently 
outperformed other models, while CatBoost and the Voting Classifier showed comparable 
performance. Fig. 3 presents the ROC-AUC comparison, highlighting that all models achieved 
ROC-AUC above 0.989, with CatBoost slightly higher, emphasizing the discriminative power 
of the selected features. 

A critical factor contributing to this robust performance is our feature selection pipeline, 
which integrates five complementary methods: Boruta, SHAP, ReliefF, MOEA, and 
Autoencoder. Each method captures distinct aspects of the dataset: Boruta identifies tree-
based feature importance, SHAP provides explainable contributions to predictions, ReliefF 
considers neighborhood dependencies, MOEA optimizes multi-objective criteria, and 
Autoencoder reduces feature redundancy through representation learning. Using multiple 
methods avoids the bias inherent in single-method approaches, ensuring that the selected 
features are comprehensive and relevant. 

To consolidate the results of multiple feature selection strategies, we applied weighted rank 
aggregation, giving higher importance to features consistently ranked across methods, while 
down-weighting inconsistent ones. Further, stability regularization filtered out features that 
were unstable across bootstrap resampling. This combined approach produced a robust, 
reproducible subset of features that are both informative and stable. 

 

Fig. 4  SHAP-based feature importance for ExtraTrees classifier. 
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Fig. 4 illustrates the top five features identified by the SHAP analysis for the ExtraTrees 
classifier, namely worst radius, worst concave points, worst area, mean concavity, and worst 
concavity. These particular attributes have been consistently highlighted in previous medical 
imaging and breast cancer studies as some of the most influential predictors of malignancy. 
Their repeated appearance in clinical literature provides strong external validation of the 
feature-selection process employed in this work and reinforces the medical relevance of our 
experimental findings. 

 
It is noteworthy that these features are not merely statistically significant but are also 
supported by established pathological evidence—characteristics such as tumor size and 
shape irregularities, captured through measurements like worst radius and concavity, are 
well-known indicators of malignant transformation in breast tissue. 

Furthermore, when the same SHAP-based interpretability analysis was applied to other 
machine learning models—including CatBoost, LightGBM, and XGBoost—a very similar set 
of top-ranked features consistently emerged. This convergence across different algorithms 
highlights the robustness and generalizability of the proposed feature subset. 
Such consistency demonstrates that the selected features are not model-specific artifacts but 
rather reflect fundamental diagnostic patterns present in the WDBC dataset. 
This cross-model agreement strengthens the argument that the proposed ensemble feature-
selection strategy successfully isolates features that are both clinically meaningful and 
computationally stable, ultimately supporting the development of machine learning tools 
that can be reliably integrated into real-world medical decision-making workflows. 

 

Fig.  5   ROC–AUC summary showing model stability and robustness. 
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In summary, the integration of multiple feature‐selection methods, together with a carefully 
designed weighted aggregation and stability filtering process, produced a final feature subset 
that not only enhanced the overall predictive performance of the classifiers but also 
substantially reduced the risk of over fitting and improved the interpretability of the models. 
This combined strategy ensured that only those features which consistently demonstrated 
high relevance across different selection techniques were retained, thereby creating a more 
reliable and clinically meaningful representation of the data. 

The high and remarkably consistent ROC–AUC values obtained across all the evaluated 
classifiers—ranging from 0.989 to 0.993 as shown in Fig. 5—provide strong evidence that 
the derived subset successfully captures the underlying diagnostic patterns present in the 
WDBC dataset and does so in a way that is robust to variations in model architecture. 
These findings not only validate the soundness of the experimental design but also 
underscore the superiority and practical significance of the proposed approach when 
compared with conventional single-method feature-selection strategies, which often suffer 
from instability and limited generalizability. 

Moreover, the results highlight the importance of incorporating stability regularization and 
weighted consensus mechanisms when working with high-dimensional biomedical data, as 
such practices directly contribute to building machine learning models that are both accurate 
and trustworthy for real-world clinical decision support. 

4 Results and Discussion 

4.1 Overall Performance of the Soft Computing Framework 
The proposed hybrid soft‐computing pipeline—consisting of an ensemble of five 
heterogeneous feature‐selection strategies followed by a set of advanced ensemble 
classifiers—demonstrated consistently strong predictive capability on the WDBC dataset. 
As reported in Table 1, the Extra Trees classifier achieved the highest accuracy (95.4%), with 
CatBoost (95.1%) and the Voting Classifier (95.3%) following closely. 
LightGBM and XGBoost also produced competitive results, both exceeding 94% accuracy. 
More importantly, every classifier exhibited high recall (≥ 0.96) and very strong ROC–AUC 
values (≥ 0.989). 

From a soft computing perspective, these outcomes illustrate the power of combining diverse 
computational paradigms—tree-based wrappers, model-agnostic explainers, evolutionary 
optimization, and deep autoencoders—into a single coherent framework. 
This multi-paradigm approach captures complementary data patterns often missed by 
classical deterministic methods. 

4.2 Impact of Hybrid Feature Selection 
The feature subset generated through the integrated pipeline significantly enhanced 
classifier performance relative to using all 30 attributes. 

Boruta provided tree-based relevance, SHAP offered game-theoretic interpretability, ReliefF 
captured local neighborhood interactions, MOEA balanced accuracy against subset size, and 
the autoencoder distilled non-linear structure into a compact latent representation. 
The weighted rank aggregation step fused these heterogeneous rankings into a consensus 
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list, while stability regularization ensured that only features reproducibly important across 
bootstrap resamples were retained. 
 
This dual mechanism is a hallmark of soft computing: rather than enforcing a rigid selection 
criterion, it accommodates multiple definitions of “importance” and uses probabilistic re- 
sampling to handle data variability. 
 
Consequently, the final feature subset proved not only more compact but also more stable 
and interpretable than any single-method selection. 
 
4.3 Clinical and Interpretive Insights 
SHAP analysis of the ExtraTrees model (Fig. 4) identified worst radius, worst concave points, 
worst area, mean concavity, and worst concavity as the five most influential predictors of 
malignancy. 
These attributes are well-documented in clinical oncology literature as indicators of 
aggressive tumor morphology. 

Notably, similar top-ranked features emerged across CatBoost, LightGBM, and XGBoost, 
confirming that the derived subset captures domain-relevant diagnostic patterns 
independent of model architecture. 

This agreement across multiple learners supports the central goal of soft computing: creating 
solutions that remain robust even when algorithmic details change. 

4.4 Robustness and Generalizability 
Fig. 3 highlights that all classifiers achieved ROC–AUC values between 0.989 and 0.993, 
reflecting excellent discrimination between malignant and benign cases. 
 
Such consistently high values, obtained through 10-fold cross-validation, demonstrate that 
the proposed pipeline effectively mitigates overfitting. 
 
In soft computing terms, this is evidence ofthe system maintains predictive accuracy despite 
data uncertainty—the system accommodates data uncertainty while preserving predictive 
strength. 
Moreover, the bootstrap-based stability check ensured that the final feature subset remains 
resilient to sampling noise, a critical property for clinical deployment where new patient data 
may differ from the training distribution. 
 
4.5 Comparative Advantage over Conventional Methods 
Traditional single-method feature selection often suffers from instability and bias toward 
specific model assumptions. 
 
By contrast, our hybrid pipeline leverages cooperative computation across diverse 
paradigms—symbolic (Boruta), probabilistic (ReliefF), evolutionary (MOEA), and 
connectionist (autoencoder)—to reach a consensus that is both explainable and 
reproducible. 
This design reflects the principles of soft computing: instead of a single exact solution, it 
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combines complementary reasoning techniques to achieve results that are both effective 
and reliable. 
 
5 Conclusions 
We developed a breast-cancer classification framework that joins several feature-selection 
methods with weighted rank aggregation and a stability check. To avoid missing subtle but 
important signals, we combined several feature-selection methods: Boruta, SHAP, ReliefF, a 
Multi-Objective Evolutionary Algorithm (MOEA), and an Autoencoder. Features consistently 
ranked high were weighted more, and only those stable under resampling were retained. 

Using the Wisconsin Diagnostic Breast Cancer dataset, this stable feature set allowed five 
well-known classifiers—ExtraTrees, CatBoost, LightGBM, XGBoost and a soft Voting 
Classifier—to reach accuracies above 94 % and ROC-AUC values over 0.98. ExtraTrees 
produced the best result, with 95.44 % accuracy, closely followed by CatBoost and the Voting 
Classifier. The method proved effective regardless of the learning algorithm, showing that the 
feature-selection pipeline is broadly applicable. 

SHAP-based interpretation revealed that features such as worst concave points, worst area, 
worst radius, concavity, and area error were most influential. These indicators are also 
recognized in clinical studies as signs of malignancy, which supports the medical relevance 
of our selected features. The framework therefore offers both strong predictive power and 
explanations that clinicians can relate to. 

Combining several feature-selection strategies with stability control enhances model 
accuracy and consistency. It also reduces selection bias and yields a reproducible feature 
set—an improvement over relying on a single method. Because these features reflect genuine 
data patterns rather than noise from a particular train–test division, the chance of overfitting 
remains low. 

This concept can be extended to larger and more diverse datasets or adapted for multi-class 
cancer classification by including genetic and clinical information. Although developed for 
oncology, the same framework—with suitable adjustments—can support other biomedical 
studies. It may also prove valuable in fields such as finance or industrial systems, where 
reliable and interpretable feature selection is equally important. 

Combining weighted rank aggregation with stability-focused feature selection offers a 
reliable approach to building machine-learning models that are both highly accurate and 
interpretable—qualities crucial for computer-aided diagnosis and a wide range of decision-
support applications. 
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