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Abstract

Introduction: Breast cancer is the most common malignancy among women and the
second leading cause of cancer mortality. Gene expression analysis using microarray data
reveals molecular patterns associated with disease progression, aiding in diagnosis and
treatment. However, the high dimensionality of such data poses significant challenges for
machine learning methods.
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Introduction

Breast cancer is one of the most common
malignancies among women, and early
diagnosis can significantly improve survival
rates (1). Feature selection, by removing noisy
and redundant data, enhances the accuracy of
machine learning models and reduces
computational complexity (2). A hybrid
approach that combines filter and wrapper
methods leverages the advantages of both
strategies,  thereby = enhancing  model
performance (3). This study aims to develop a
deep learning-based model with hybrid feature
selection to identify key genes and provide an
accurate tool for breast cancer diagnosis and
classification (4).

Materials & Methods

This study proposes a novel hybrid feature
selection framework based on the FWGPC
algorithm, combining filter- and wrapper-based
approaches. The initial solution population is
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evaluated using distinct fitness functions, and a
competitive mechanism selects the best-
performing solutions. Convolutional Neural
Networks (CNNs) are employed to assess
classification accuracy, and the optimal
solution guides the generation of new
populations to accelerate convergence. The
method is validated on two breast cancer-
related datasets, demonstrating improved
accuracy, efficiency, and stability compared to
existing classification techniques.

Results

The proposed hybrid method for breast cancer
detection was evaluated on BC-TCGA and
GSE DNA microarray datasets (Table 1).
Results showed that the algorithm’s accuracy
steadily improved over iterations (Figure 1),
with feature selection guided by the FWGPC
algorithm selecting the most relevant genes for
deep learning, enhancing classification quality
and prediction of new samples (Table 2).

Table 1: Statistical information related to the datasets

Dataset Number of | Number of Number of Rate of normal Number of Rate of cancer
instances genes normal instances instances cancer instances instances
BC-
TCGA 590 17,814 61 0.1034 529 0.8966
GSE 200 10,000 100 0.5 100 0.5
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Figure 1: Comparison of the accuracy of filter-based and wrapper-based feature selection approaches
based on deep learning (a) BC-TCA (b) GSE

Figure 2 shows that the proposed algorithm
steadily converges toward the optimal set of
genes. The fitness value stabilizes after
approximately 100 iterations, indicating that

further iterations do not significantly improve
accuracy or reduce error, which highlights the
method’s efficiency and stability.
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Figure 2: Comparison of the accuracy of filter-based and wrapper-based feature selection approaches
based on deep learning (a) BC-TCA (b) GSE

The proposed method combines CNNs with KNN, Naive Bayes, Decision Trees, and Logistic
Regression, utilizing genes selected by the GPC algorithm. This multi-method approach improves

accuracy in predicting new samples, with selected genes serving as key features for classification
(Figure 3).

s

(a) (b)
Figure 3: Convolutional neural network training process on the dataset (a) BC-TCA (b) GSE
The proposed method’s performance was significantly improved prediction metrics for
evaluated using a confusion matrix and four breast cancer samples. Average results are
metrics: accuracy, sensitivity, specificity, and shown in Figure 4 and Table 2, highlighting
Fl-score. ~Combining GPC-based gene the effectiveness of precise gene selection with
selection with CNN, KNN, Decision Tree, the GPC algorithm.
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Figure 4: Bar chart comparing the average evaluation criteria for classification methods on the dataset
(a) BC-TCA (b) GSE
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Table 2. Comparison of average values of evaluation criteria for classification methods on datasets

Dataset Classifier | Accuracy | Recall | Precision F-measure
CNN 0.9996 0.9792 0.9936 0.9854
KNN 0.9851 0.9466 0.9423 0.9437
BC-TCGA DT 0.9692 0.8788 0.8717 0.8737
NB 0.9735 0.9164 0.8946 0.9045
LR 0.9853 0.9378 0.9473 0.9408
CNN 0.9610 0.9110 0.9555 0.9262
KNN 0.7073 0.7073 0.8686 0.7806
GSE DT 0.8481 0.8481 0.8966 0.8564
NB 0.7134 0.7134 0.8698 0.7813
LR 0.8293 0.8293 0.8885 0.8470

Discussion

This study proposes a hybrid feature selection
and deep learning approach for breast cancer
diagnosis, combining filter and wrapper
methods optimized via the FWGPC algorithm.
CNNs are then used to extract complex patterns
and reduce noise, resulting in significantly
improved prediction accuracy compared to
traditional classifiers.

The proposed method in this study for
predicting breast cancer patients employs a
hybrid feature selection technique based on
filter and wrapper approaches, optimized using
the FWGPC algorithm. Key features are
extracted from the data and subsequently
analyzed using a deep learning model based on
CNNs for final prediction (5).

This approach improves accuracy, recall, and
Area Under the Curve compared to traditional
methods and previous models, enabling the
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Table 1: Advantages and disadvantages of previous methods

Ref. Method

Advantages

Disadvantages

[14]

Multiple Mean Technique

Control quality, remove noise,

normalize data

May require large and complex

processing for large datasets

[15]

LS-CNN

Deep learning capability and

feature extraction

Requires large datasets and long

processing times

! minimum Redundancy-Maximum Relevance
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Ref. Method Advantages Disadvantages
[16] Particle Swarm Optimization Improved feature selection and May not converge to the best
categorization solution
[17] Multi-objective Optimization |Increased complexity with the use High complexity and requires
of operators precise parameter tuning
[18] Decision Tree Ensemble Interpretability using decision May require precise parameter
Methods trees tuning
[19] Boruta and LASSO Methods Optimal feature selection and May be unreliable in some cases
weight reduction
[20] Adaptive Algorithms High diversity in feature selection| Automatic configurations may
and algorithms reduce usability
[21] Framework Identifying the best model in Complex interactions between
reducing overfitting models may lead to overfitting
[22] Gender Recognition Processing all aspects using Requires accurate and extensive
algorithms datasets
[23] XGBoost Model High AREA UNDER THE May require longer prediction times
CURVE compared to other
algorithms
[24] mRMR and t-test Ensemble |Identifying optimal features using [ May affect selection accuracy under
statistical techniques noisy data
[25] SCASCA Improved feature selection and | Complex method may require prior
SVM performance knowledge
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Figure 1: Architecture of the proposed method
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Figure 2: Comparison of accuracy of filter-based and wrapper-based feature selection approaches based on
deep learning (a) BC-TCA (b) GSE
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Figure 3: Comparison of accuracy of filter-based and wrapper-based feature selection approaches based on
deep learning (a) BC-TCA (b) GSE
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Figure 4: Convolutional neural network training process on the dataset (a) BC-TCA (b) GSE
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Table 3: Confusion matrix parameters for different classification methods on datasets

Dataset Classifier TP FP TN FN

BC-TCGA CNN 25 0 140 12
KNN 15 10 105 47
DT 14 11 138 14
NB 16 9 138 14
LR 5 20 140 12

GSE CNN 31 0 20 9
KNN 26 5 4 25
DT 28 3 18 11
NB 26 5 8 21
LR 19 12 18 11
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Figure 5: Comparison of the accuracy of the proposed method with classification algorithms on the datasets (a) BC-TCA

(b) GSE
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Figure 6: Comparison of the recall of the proposed method with classification algorithms on the datasets (a)
BC-TCA (b) GSE
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Figure 7: Comparison of the precision of the proposed method with classification algorithms on the datasets
(a) BC-TCA (b) GSE
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Figure 8: Comparison of the F-measure of the proposed method with classification algorithms on the datasets
(a) BC-TCA (b) GSE
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Figure 9: Bar chart comparing the average evaluation criteria for classification methods on the dataset (a) BC-
TCA (b) GSE
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Table 4: Comparison of average values of evaluation criteria for classification methods on datasets

Dataset Classifier | Accuracy | Recall | Precision | F-measure
CNN 0.9996 0.9792 | 0.9936 0.9854
KNN 0.9851 0.9466 | 0.9423 0.9437

BC-TCGA | DT 0.9692 0.8788 | 0.8717 0.8737
NB 0.9735 0.9164 | 0.8946 0.9045
LR 0.9853 0.9378 | 0.9473 0.9408
CNN 0.9610 0.9110 | 0.9555 0.9262
KNN 0.7073 0.7073 | 0.8686 0.7806

GSE DT 0.8481 0.8481 | 0.8966 0.8564
NB 0.7134 0.7134 | 0.8698 0.7813
LR 0.8293 0.8293 | 0.8885 0.8470
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Figure 10: Comparison of the proposed method with previous methods in terms of accuracy criteria on the BC-

TCGA dataset.
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Figure 11: Comparison of the proposed method with previous methods in terms of accuracy criteria on the

GSE dataset.
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