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Abstract

Feature selection plays a crucial role in analyzing high-dimensional gene expression datasets,
such as the GSE45827 breast cancer dataset, which contains numerous genes but a limited
number of samples. The presence of irrelevant or redundant genes can negatively impact
classification accuracy and biological interpretation. This study enhances classification
performance by selecting the most informative genes using three optimization techniques: Self-
Organizing Migrating Algorithm (SOMA), Particle Swarm Optimization (PSO), and Stellar
Mass Black Hole Optimization (SMBO). To further refine the selected genes, ElasticNet is
employed as a second-level feature selection method. The optimized gene subsets are then used
in ensemble learning models, including Random Forest, Extreme Randomized Trees (ERT), and
XGBoost, for breast cancer classification. Performance is evaluated using accuracy, precision,
recall, Fl-score, and the kappa constant. Results show that Random Forest achieves 100%
accuracy with PSO, 90% with Cuckoo Search, and 97% with SOMA, while ERT reaches 100%
accuracy using SMBO. Additionally, differentially expressed genes, pathway analysis, fold
change of genes, and Kaplan-Meier survival analysis provide valuable biological insights into
breast cancer biomarkers. These findings highlight the importance of feature selection in
improving classification accuracy and biomarker discovery, supporting early detection and
personalized oncology treatment strategies.
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1. INTRODUCTION

Gene expression data plays a fundamental role in understanding the molecular mechanisms underlying various
diseases, including cancer [1]. It provides insights into gene activity levels across different biological conditions,
enabling researchers to identify potential biomarkers for diagnosis, prognosis, and treatment response. Among
various cancers, breast cancer remains one of the most prevalent and life-threatening diseases worldwide.
Accurate classification of breast cancer subtypes using gene expression data can facilitate early detection,
personalized treatment strategies, and improved patient outcomes. However, analyzing gene expression data
poses significant challenges due to its high dimensionality, where thousands of genes are measured in a limited
number of samples [2]. This creates issues related to computational complexity, overfitting, and reduced model
generalization. Hence, feature selection is crucial to identifying the most relevant genes while eliminating
redundant and irrelevant ones, thereby enhancing classification accuracy and biological interpretability.

Feature selection serves as a key preprocessing step in machine learning-based classification models, helping to
improve performance by reducing the feature space. It enhances computational efficiency, prevents overfitting,
and highlights genes that are biologically significant in disease progression. In the case of breast cancer,
identifying a subset of genes that are highly informative can contribute to better diagnostic models and facilitate
precision medicine [3]. Traditional statistical methods for feature selection, such as differential expression
analysis, often fail to capture complex interactions between genes. Thus, advanced optimization techniques are
needed to efficiently extract the most informative features from large-scale gene expression datasets.

High-dimensional gene expression datasets, such as the GSE45827 breast cancer dataset [4] contain thousands of
genes, but only a small fraction contributes significantly to classification. Many genes are either irrelevant or
redundant, negatively impacting classification performance and making it difficult to identify meaningful
biomarkers. Conventional feature selection techniques often struggle with large datasets, leading to overfitting
and suboptimal model performance. Additionally, most feature selection approaches do not leverage advanced
optimization techniques to refine gene selection systematically. There is a need for a robust and efficient feature
selection framework that integrates optimization algorithms and machine learning to improve breast cancer
classification accuracy.

The presence of metastatic breast cancer in axillary lymph nodes is a critical factor in overall survival [5]. While
lymph node status determination is routine, the invasive nature of the procedure and potential biases in node
selection may lead to false negatives. Accurately predicting lymph node status using the primary tumor's gene
expression profile could reduce the need for axillary lymph node dissection and its associated morbidity.
Moreover, identifying patients with negative nodes but a high metastatic potential remains crucial. Further data
are needed to refine predictive accuracy, but gene expression profiling holds promise in assessing metastatic risk.

Sotiriou et al (2003)[6] analyzed gene expression patterns from cDNA microarrays in 99 node-negative and node-
positive breast cancer patients, correlating them with clinico-pathological characteristics and clinical outcomes.
The results showed a strong association with estrogen receptor (ER) status and moderate association with tumor
grade. Hierarchical clustering based on ER status identified two distinct tumor groups, correlating with basal and
luminal subtypes. Cox regression identified 16 genes linked to relapse-free survival, with glutathione S-transferase
M3 emerging as a key survival marker. These findings reinforce the clinical relevance of gene expression profiles
for breast cancer prognosis.

Gene expression profiling is advancing the understanding of breast cancer heterogeneity at the genomic level.
Validated assays like OncotypeDx and Mammaprint have shown promise in predicting patient outcomes and are
being refined through clinical trials [7]. Ongoing research aims to identify host factors influencing prognosis,
therapy response, and toxicity. As these analyses become more accessible, rigorous validation will be essential to
ensure their clinical relevance and impact on personalized treatment strategies.

Breast cancer incidence has risen significantly in India, particularly among younger women, highlighting the need
for molecular insights. A gene expression analysis of 29 tumors and 9 controls identified 2,413 differentially
expressed genes, with notable overexpression of COL10A1, COL11A1, MMP1, MMP13, and underexpression
of PLIN1, FABP4, and LEP. Key deregulated pathways include cell cycle regulation, metastasis, and lipid
metabolism [8]. PAMSO classification confirmed molecular subtypes, and qPCR validation supported microarray
findings, notably linking ADAMTSS5 downregulation with older patients. This study provides valuable molecular
insights into breast cancer in Indian women.
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Breast cancer remains the leading cancer among women worldwide, with treatment strategies influenced by
factors such as age, menstrual status, genetic variations, and immunological response. Recent advancements in
cancer diagnosis have highlighted the importance of gene expression patterns in understanding tumor behavior.
By combining gene expression signatures with traditional clinicopathological features, the accuracy of disease
prognosis, early diagnosis, and therapy can be enhanced. This review explores the evolution of gene expression
signatures for breast cancer, their advantages, future prospects, and provides an overview of available gene
expression analysis tools and their specific benefits for breast cancer diagnosis [9].

The e Weighted gene co-expression network analysis WGCNA method [10] for a significant blue gene co-
expression module was identified, strongly linked to various breast cancer subtypes. Additionally, eight key hub
genes—CCNE1, CENPN, CHEKI1, PLKI1, DSCC1, FAM64A, UBE2C, and UBE2T—were recognized and
validated as potential prognostic and therapeutic biomarkers for breast cancer.

A two-step transfer learning pipeline introduced for predicting breast cancer molecular subtypes using
unannotated pathological images [11]. Pretrained models, including VGG16, ResNet50, ResNetlO1, and
Xception, were trained on in-house and TCGA-BRCA datasets, with ResNet101 achieving the highest accuracy
of 0.78 and slide-wise prediction accuracy of 0.913. The models outperformed the Genefu tool, demonstrating
their potential for cost-effective and accurate breast cancer classification without region annotation, enhancing
clinical applicability.

Differentially expressed genes (DEGs) involved in breast cancer progression and metastasis are identified with
highlighting their interaction with target proteins and signaling pathways [12]. By analyzing 50 DEGs, 8 potential
gene signatures were shortlisted, offering insights into their role in breast cancer. Pathway and miRNA target
analyses revealed critical targets for therapeutic intervention, with several FDA-approved drug options identified.
These findings emphasize the importance of these genes and their networks in understanding breast cancer and
improving treatment strategies.

a breast cancer detection system [13] was proposed using a metaheuristic optimization algorithm inspired by
humpback whale bubble-net hunting. The algorithm selects and weighs key features from breast cytology images
to optimize a support vector machine classifier. The model achieved 98.82% accuracy, outperforming genetic
algorithm and particle swarm optimization in feature selection and classification speed. The results demonstrate
the system's strong potential for reliable automatic breast cancer detection.

The effects of glucose starvation (GS), metformin (MET), and 2-DG on MDA-MB-231 and MCF-7 breast cancer
cells using gene expression profiling. MDA-MB-231 cells showed higher sensitivity to glucose deprivation, with
apoptosis, DNA replication inhibition, and oxidative stress responses observed across treatments [14]. GS had the
most significant impact, inducing autophagy and DNA methylation inhibition. Combining MET and GS could
enhance cancer cell susceptibility to conventional chemotherapy.

Artificial neural networks (ANNs) are increasingly used for effective cancer detection, addressing the rising global
risk of cancer. Accurate detection remains challenging due to limited data availability. While various cancer
classification methods exist, improving classification accuracy remains a priority. This research proposes a two-
step feature selection (FS) technique combined with a 15-neuron neural network (NN) to enhance cancer
classification. The FS method reduces feature attributes, while the 15-neuron NN classifies the cancer with high
accuracy. Using the Wisconsin Diagnostic Breast Cancer (WDBC) dataset, the proposed method achieves up to
99.4% classification accuracy, significantly outperforming existing technique [15].

Breast cancer remains the most prevalent cancer among women, with gene expression microarray studies playing
a key role in classification and prognosis [16]. However, these datasets face challenges such as high-
dimensionality, limited samples, and class imbalance, complicating feature selection. Various accurate feature
selection techniques, particularly hybrid bio-inspired metaheuristic and wrapper methods, have been widely
applied. This review explores the latest advancements in these hybrid methods for improving cancer classification
accuracy.

Tumor heterogeneity and unclear metastasis mechanisms hinder effective targeted therapies for Triple-negative
breast cancer (TNBC), which is characterized by high mortality and frequent distant metastasis. This study
analyzed gene expression datasets from TNBC and Non-TNBC breast cancer (BrCa) cases, focusing on cancer
driver genes. Recursive Feature Elimination (RFE) identified gene signatures differentiating TNBC, and machine
learning models revealed XGBoost as the best-performing algorithm for a 25-gene subset. Among 34
differentially regulated genes, four were found to be potential prognostic biomarkers, with two novel genes
(POU2AF1 and S100B) showing promise. Further pathway analysis highlighted key signaling pathways like
MAPK, PI3-AkT, Wnt, and TGF-, crucial in metastasis [17].

Through PPI network analysis, seven top-ranked upregulated key genes (BUB1, ASPM, TTK, CCNA2, CENPF,
RFC4, and CCNB1) are identified associated with breast cancer from 127 differentially expressed genes (DEGs)
between breast cancer and control samples [18]. This review highlighted metaheuristic-based hybrid approaches,
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combining filter and wrapper methods for improved gene selection. The genetic algorithm (GA) is the most widely
used wrapper method, while SVM is the most frequently applied classifier. Recent studies emphasize the Whale
Optimization Algorithm (WOA) for feature selection, with future research expected to focus on hybrid WOA-GA
methods for enhancing breast cancer classification accuracy

Gene expression profiles from the TCGA database utilized to identify differentially expressed genes (DEGs) in
breast cancer using the edgeR R package [19]. Functional and pathway enrichment analysis revealed 28
significantly enriched pathways, which were downloaded from KEGG to construct a gene interaction network.
From this, 154 key genes were identified, 23 of which overlapped with DEGs and were considered potential
diagnostic markers. An SVM classification model built using these markers demonstrated strong predictive
performance (AUC = 0.960 in training, 0.907 in validation). These findings provide valuable insights for breast
cancer diagnosis and treatment research.

Breast cancer remains a global health concern, necessitating reliable biomarkers for early detection and treatment.
Machine learning is integrated to analyze gene expression data, identifying key predictive genes such as TOP2A,
AKRI1C3, and EZH2 using the BGWO_SA_Ens algorithm [20]. From over 10,000 genes, 1404 were selected in
the merged dataset (F1: 0.981, PR-AUC: 0.998, ROC-AUC: 0.995) and 1710 in GSE45827 (F1: 0.965, PR-AUC:
0.986, ROC-AUC: 0.972). Pathway enrichment revealed involvement in AMPK, Adipocytokine, and PPAR
signaling. Drug-gene interaction analysis highlighted potential therapeutic targets, emphasizing computational
approaches in biomarker discovery and precision oncology.

The XGBoost model was demonstrated strong multi-class classification performance on breast cancer gene
expression data, achieving an overall F1-score of 78% [21]. Notably, Class 5 showed perfect precision, recall, and
F1-score, while other classes exhibited varying degrees of precision and recall, indicating areas for improvement.

This study aims to address the challenge of high-dimensional gene expression data by leveraging advanced feature
selection techniques. By integrating metaheuristic optimization algorithms with ElasticNet and ensemble learning,
the study seeks to improve classification accuracy while ensuring biological relevance. The rationale behind using
SOMA, PSO, and SMBO is their effectiveness in global optimization and feature reduction, enabling the
extraction of highly relevant genes. ElasticNet is further incorporated as a secondary feature selection mechanism
to enhance robustness. The selected features are then employed in ensemble learning models, which are known
for their superior predictive capabilities in complex datasets.

This research aims to enhance breast cancer classification accuracy by identifying the most significant genes from
the GSE45827 gene expression dataset. To achieve this, three optimization-based feature selection techniques—
Self-Organizing Migrating Algorithm (SOMA), Particle Swarm Optimization (PSO), and Stellar Mass Black Hole
Optimization (SMBO)—will be implemented and compared. The selected features will then be refined using
ElasticNet to improve classification performance by eliminating redundant genes. Additionally, the study will
evaluate the effectiveness of ensemble learning models, including Random Forest, Extreme Randomized Trees
(ERT), and XGBoost, in classifying breast cancer samples. The proposed approach will be assessed using key
performance metrics such as accuracy, precision, recall, Fl-score, and the kappa constant. Furthermore, this
research seeks to identify critical biomarkers that play a significant role in breast cancer classification, contributing
to early detection and potential targeted treatment strategies.

Research Contributions

1. Development of an optimized feature selection framework using SOMA, PSO, and SMBO for gene selection
in high-dimensional breast cancer data.

2. Implementation of ElasticNet as a secondary refinement method to enhance the interpretability and reliability
of selected genes.

3. Performance evaluation of ensemble learning classifiers, demonstrating their efficacy in breast cancer
classification.

4. Identification of potential gene biomarkers that could contribute to breast cancer diagnosis and treatment.

2 METHODS AND MATERIALS
The GSE45827 dataset is preprocessed using label encoding, KNN imputation for missing values (Gustavo
Enrique Batista & Maria-Carolina Monard, 2002) and Min-Max normalization (Peshawa J. &Muhammad Ali,
2022) for feature scaling. Feature selection employs SOMA, PSO, Cuckoo Search, and SMBO, with ElasticNet
refining selected genes by removing redundancies. Ensemble models—Random Forest [22], Extremely
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Randomized Trees (ERT) [23], and XGBoost [24] are used for classification. Performance is assessed using
accuracy, precision, recall, Fl-score, and the kappa constant. Additionally, differentially expressed genes
identified through ElasticNet are analyzed for biological significance, with pathway identification providing
insights into their role in breast cancer progression, aiding early diagnosis and targeted treatment strategies.

2.1 Preprocessing

2.1.1  Replacing the Missing Values

K-Nearest Neighbors (KNN) Imputer is a method used to handle missing values by estimating them based on the
nearest available data points. It calculates missing values by identifying the 'k' most similar instances using
distance metrics like Euclidean distance. It imputes the missing data with the average or majority value from these
neighbors. This approach maintains data consistency and captures relationships between features effectively.
2.1.2  Convert Categorical Values into Numerical Values

Label encoding is a technique used to convert categorical data into numerical values. Each unique category is
assigned a distinct integer, making it suitable for machine learning models. For example, a feature with values
["normal," "basal," "cell-line"] would be encoded as [0, 1, 2]. This method is efficient but may introduce an
unintended ordinal relationship among categories.

2.1.3  Normalization

Min-Max normalization is a technique used to scale numerical data within a specific range, typically between 0
and 1. It transforms values while preserving relationships between data points. The formula is:

_ X - Xmin
Xnormalized - X — X
max min

Where X is the original value, X,,;,, is the minimum value in the dataset, and X,,,,, is the maximum value in the
dataset. This method ensures all values are scaled within [0,1] making them suitable for machine learning
algorithms.

2.2 Heuristic Optimization Techniques
2.2.1  Self-Organizing Migrating Algorithm
The Self-Organizing Migrating Algorithm (SOMA) is a population-based optimization technique inspired by the
social behavior of migrating individuals in a group [25]. In this method, a group of agents explores the search
space collectively, with the agent having the best fitness value designated as the leader. Each agent migrates
toward the leader iteratively, updated using a formula that incorporates the difference between its position and the
leader’s, scaled by a step size and a random factor. This stochastic nature ensures diversity in exploration and
reduces the chances of getting trapped in local minima. SOMA is computationally efficient and suitable for solving
complex, multimodal optimization problems.
Mathematical Formulation
1. [Initialization: Define the population P with N individuals X; in the D-dimensional search space:
P = {X;, X5, X5, ... Xy}
Xi = {xi1, Xi2, Xi3, o, Xip }
where x;; is the j-th dimension of the i-th indivdual
2. Fitness Evaluation: Compute the fitness of each individual based on the objective function f(X;). Select
the leader X;oq40, With the best fitness:
Xieader = argmiin f (X;), for minimization problems
3. Migration Step: For each individual X; (excluding the leader), update its position iteratively:
XU = xk + Step.rand. (Xieager — XF)
where X[ is the current position of the k-th agent, Step is a migration parameter controlling the movement
toward the leader, rand is a random number €[0,1]ensuring stochastic behaviour and X,eqqer — X[ is the
direction vector pointing toward the leader
4. Termination: Repeat the migration process for all agents over a predefined number of iterations or until
a stopping criterion (e.g., fitness threshold or maximum iterations) is met.
2.2.2  Particle Swarm Optimization
Particle Swarm Optimization (PSO) is a population-based optimization algorithm inspired by the social behavior
of birds flocking or fish schooling. It was introduced by Kennedy and Eberhart in 1995 [26] and is widely used
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for solving continuous and discrete optimization problems. PSO works by iteratively improving a population of
candidate solutions, called particles, by moving them through the search space based on their own experiences
and those of their neighbors.

1. Initialization: A swarm of N particles is initialized with random positions X; and velocities V; in the
search space. Each particle represents a potential solution.

2. Fitness Evaluation: The fitness of each particle is calculated using the objective function f(X;). and the
best position visited by each particle (personal best, p;) is recorded. The global best position pg, which
is the best among all particles, is also identified.

3. Velocity Update: The velocity of each particle is updated using the formula:

Vi(kﬂ) = wVf+ cr.ry.(pp — XF) + oo (pg — XF)

where w Inertia weight controlling exploration vs. exploitation. c¢;,c, are the acceleration coefficients
controlling the influence of personal and global bests. and 1; & 1, are random numbers in [0,1]

Position Update: The position of each particle is updated based on its new velocity:
Xi(k+1) - xk 4 V;(k+1)
Stopping Criteria: The algorithm repeats the velocity and position updates until a stopping condition, such as a
maximum number of iterations or acceptable fitness value, is met.
2.23  Cuckoo Search
The Cuckoo Search is a metaheuristic optimization technique inspired by the behavior of some cuckoo species in
laying their eggs in the nests of other host birds. It was developed by Xin-She Yang and Suash Deb in 2009 [27]
. The algorithm combines concepts of Levy flights and the brood parasitism behavior of cuckoos.
Key Features of Cuckoo Search
1. Cuckoo Behavior:
o Cuckoos lay their eggs in other birds' nests.
o Some host birds discover these foreign eggs and may throw them out or abandon the nest.
2. Levy Flights:
o Cuckoos search for new nests using Levy flights, a type of random walk with steps drawn from
a Levy distribution.
o Levy flights ensure global exploration of the search space.
3. Host-Parasite Interaction:
o If a host detects a cuckoo egg, the nest may be abandoned, forcing the cuckoo to search for
another.
Steps in the Cuckoo Search Algorithm
1. [Initialization:
o Generate an initial population of nests (solutions).
o Define a fitness function to evaluate solutions.
2. Generate New Solutions:
o Use Levy flights to generate new candidate solutions.
o Replace an existing solution if the new one is better.
3. Discovery Probability:
o A fraction of the worst solutions (nests) are replaced with new random solutions based on a
"discovery probability" (pa).
4. TIterate:
o Repeat the steps of generating new solutions, evaluating fitness, and replacing poor solutions
until the stopping criterion (e.g., max iterations) is met.
Cuckoo Search Pseudocode
1. Initialize:
o Number of nests (n), maximum iterations (max_iter), and discovery probability (pa).
2. Evaluate Fitness:
o Assess each solution in the population.
3. Main Loop:
o For each cuckoo:
*  Generate a new solution using Levy flights.
*  Compare it with a randomly selected solution.
=  Replace the solution if the new one is better.
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o Abandon a fraction (pa) of the worst nests and generate new ones.
o Keep the best solutions.
4. Return the Best Solution.
Levy Flight Formula
Levy flight steps are calculated as:
Xiy1 = X + a.Levy(B)
x; is the current position, « is the step size scaling factor and f is the Levy distribution parameter (1 < f <

2)

Levy ~u =

Sl
k| @

where s and y are random variables from normal distributions.
2.2.4  Stellar-Mass Black Hole Optimization
The Stellar-Mass Black Hole Optimization Algorithm (SMBO) is a novel optimization technique inspired by the
gravitational dynamics of stellar-mass black holes. It was introduced by Premalatha and Balamurugan, 2015 [28],
and is based on the astrophysical phenomena associated with black holes' gravitational attraction and their
interaction with surrounding stars.
Key Concepts of Stellar-Mass Black Hole Optimization
1. Stellar-Mass Black Holes:
o Represented as the best solutions in the search space.
o These black holes exert a gravitational pull on stars (candidate solutions) around them.
2. Stars:
o Represent potential solutions to the optimization problem.
o They move toward black holes (best solutions) based on gravitational forces.
3. Gravitational Force:
o Determines the influence of black holes on nearby stars, guiding the search process toward
optimal solutions.
o A stronger gravitational force leads to more significant updates in positions.
4. Event Horizon:
o Represents the boundary around the black hole where solutions are absorbed if they fall within
it.
o Ensures convergence by pulling stars (solutions) close to the black hole.
Steps in the SMBO Algorithm
1. Initialization:
o Randomly initialize a population of stars (solutions) in the search space.
o Evaluate their fitness based on the objective function.
2. Gravitational Attraction:
o Calculate the gravitational force exerted by black holes (best solutions) on the stars.
o Update the positions of stars based on this force.
3. Update Black Holes:
o Identify the best-performing stars as black holes for the next iteration.
o Adjust the gravitational pull and event horizon radius to focus the search.
4. Event Horizon Check:
o Ifastar enters the event horizon of a black hole, it is absorbed, and its position is updated.
5. Convergence:
o Repeat the process until a stopping criterion is met (e.g., maximum iterations or desired fitness).
Pseudocode of SMBO
1. Initialize:
o Define the population size, number of black holes, and other parameters.
o Randomly generate a population of stars (solutions).
2. Fitness Evaluation:
o Evaluate the fitness of all stars using the objective function.
3. Update:
o Identify the best solutions as black holes.
o Calculate gravitational force and update the positions of stars.
o  Check if stars enter the event horizon; if yes, reposition them.
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4. Tterate:
o Continue the process until convergence.
5. Output:

o Return the best solution (global optimal).
2.3 Ensemble Learning Models
2.3.1  Extreme Randomized Trees (Extra Trees)
Extreme Randomized Trees (Extra Trees) is an ensemble learning method that extends the Random Forest
algorithm. Unlike Random Forest, which selects optimal split points based on criteria like Gini impurity or
entropy, Extra Trees randomly selects each feature. This approach increases model diversity and reduces variance,
making it robust against overfitting. However, it may sacrifice some accuracy compared to Random Forest in
certain datasets.
2.3.2  Random Forest
Random Forest is a popular ensemble learning algorithm that builds multiple decision trees and aggregates their
outputs for classification or regression tasks. It introduces randomness by selecting random subsets of features
and bootstrapping data samples for each tree. This reduces overfitting and improves generalization. The final
prediction is determined by majority voting (for classification) or averaging (for regression). Random Forest is
widely used due to its high accuracy, stability, and ability to handle missing values and feature importance ranking.
2.3.3  XGBoost (Extreme Gradient Boosting)
XGBoost is a powerful gradient-boosting framework optimized for speed and performance. It builds decision
trees sequentially, where each new tree corrects errors made by the previous ones. XGBoost uses regularization
techniques such as L1 and L2 penalties to prevent overfitting. Additionally, it incorporates parallelization,
handling of missing values, and tree pruning to enhance efficiency. Due to its superior predictive accuracy and
scalability, XGBoost is widely applied in machine learning competitions and real-world applications like finance,
healthcare, and recommendation systems.
2.4 Performance Measures in Machine Learning
A confusion matrix is a performance evaluation tool for classification models, summarizing predictions into four
categories: True Positives (TP), where the model correctly predicts positive cases; True Negatives (TN), where it
correctly predicts negative cases; False Positives (FP), also known as Type I errors, where negative cases are
incorrectly classified as positive; and False Negatives (FN), or Type II errors, where positive cases are wrongly
classified as negative. It helps in calculating key metrics like accuracy, precision, recall, and F1-score, providing
deeper insights into model effectiveness, especially in imbalanced datasets.
Accuracy
Accuracy is the ratio of correctly predicted instances to the total instances in a dataset. It is a useful metric when
the dataset is balanced but may be misleading in imbalanced datasets.

TP+ TN

TP+FP+TN+FN

Accuracy =

where TP (True Positive), TN (True Negative), FP (False Positive), and FN (False Negative) represent
classification outcomes.

Precision
Precision measures the proportion of correctly predicted positive instances out of all instances classified as
positive. It is crucial when false positives need to be minimized, such as in medical diagnoses.

TP
TP + FP
Recall (Sensitivity)
Recall indicates how well the model identifies actual positive instances. It is important to minimise false negatives,
such as in disease detection.

TP

TP+ FN

Precision =

Recall =

F1-Score
The F1-score is the harmonic mean of precision and recall, providing a balanced measure when both false positives
and false negatives are important.

F1 — SCORE = 2 X Precision XRecall

Precision+Recall

It is particularly useful in cases of imbalanced datasets.
Kappa Constant (Cohen’s Kappa)
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Cohen’s Kappa evaluates the agreement between predicted and actual classifications while accounting for chance
agreement. It is defined as:
observed agreement — expected agreement by chance.

= 1 — expected agreement by chance.

A kappa value close to 1 indicates strong agreement, while a value near 0 suggests poor agreement.

2.5 Biological Insights

2.5.1  ElasticNet

ElasticNet [29] is an advanced regularization method that effectively combines the strengths of Lasso (L1) and
Ridge (L2) regression, providing a robust solution for high-dimensional predictive modeling. ElasticNet
regularization is an extension of ordinary least squares (OLS) regression that incorporates both L1 (Lasso) and L2
(Ridge) penalties to optimize feature selection and model stability.

A
Loss =RSS+ «a (7\1 LB+ ZEL, BLZ)

RSS is the residual sum of squares. a controls the overall strength of regularization, A; and A, are
hyperparameters that control the contribution of Lasso and Ridge regularization respectively. fj represents the
coefficients of the features.

e Lasso (L1) Regularization: Encourages sparsity, meaning it tends to drive the coefficients of less
important features to zero.

e Ridge (L2) Regularization: Shrinks the coefficients but doesn’t push them to zero, making it useful for
handling collinearity among features.

By adjusting the combination of Lasso and Ridge, ElasticNet can be tailored to suit datasets with either a large
number of features or highly correlated predictors.

2.5.2  Differentially Expressed Genes (DEGs)
DEGs are identified by analyzing variations in gene expression across different conditions, such as disease versus
control groups. The process begins with preprocessing, where raw gene expression data undergo normalization
using techniques like log transformation, Z-score scaling, or TPM normalization to ensure comparability. Next,
filtering is performed to select genes with significant biological relevance or high variance. Statistical testing
methods, including t-tests, ANOVA, or non-parametric tests, help determine significant expression differences,
with advanced tools such as limma, DESeq2, and edgeR commonly employed [30]. To reduce false discoveries,
multiple testing correction methods like Benjamini-Hochberg FDR correction are applied. Finally, genes are
classified as DEGs based on predefined thresholds, such as an adjusted p-value (e.g., FDR < 0.05) and a fold
change cutoff (e.g., log2FC > +£1). Once identified, these DEGs undergo functional enrichment analysis, including
Gene Ontology (GO) and KEGG pathway analysis, to explore their biological significance and potential roles in
disease mechanisms.

1. Group Samples: Separates normal and cancer sample columns.
Log2 Fold Change (LFC): Computes expression change between cancer and normal samples.
t-Test: Checks if the difference is statistically significant.
FDR Correction: Adjusts p-values using Benjamini-Hochberg to control false positives.
Filter DEGs: Selects genes with [Log2 Fold Change| > 1 and adjusted p-value < 0.05.
2.5.3  Pathway identification
Pathway identification [31] plays a vital role in gene expression analysis by revealing the biological processes,
molecular functions, and signaling networks associated with differentially expressed genes (DEGs). This process
involves mapping genes to established biological pathways to determine their functional significance in cellular
activities. Functional enrichment analysis, conducted using resources like Gene Ontology (GO) and Kyoto
Encyclopedia of Genes and Genomes (KEGG), classifies genes based on their roles in biological processes,
molecular functions, and cellular components. Additionally, curated pathway databases such as Reactome,
BioCarta, and WikiPathways offer comprehensive insights into gene interactions. A widely used computational
approach, Gene Set Enrichment Analysis (GSEA), assesses whether a predefined gene set is significantly enriched
within a specific pathway. Identifying these pathways aids in understanding disease mechanisms, discovering
potential drug targets, and recognizing biomarkers, ultimately providing deeper insights into complex biological
interactions.

b
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2.5.4  Biomarker Gene Identification

Biomarker gene identification is a critical process in biomedical research for detecting genes associated with
disecase diagnosis, prognosis, and treatment response. It involves analyzing gene expression patterns to distinguish
potential biomarkers that serve as indicators of normal or pathological conditions. The process begins with data
preprocessing, including normalization and filtering of gene expression data to remove noise. Differential gene
expression analysis is then performed using statistical methods like limma, DESeq2, or edgeR to identify
significantly altered genes. Feature selection techniques, such as machine learning algorithms (random forest,
support vector machines, or deep learning), are often used to refine biomarker candidates. Functional enrichment
analysis through Gene Ontology (GO) and KEGG pathway databases helps in understanding the biological
relevance of identified genes. Finally, validation is conducted through independent datasets, experimental
techniques like qRT-PCR, and clinical studies to confirm the biomarker’s reliability. Accurate biomarker
identification facilitates early disease detection, personalized medicine, and targeted therapies. Figure 1 illustrates
the block diagram of the proposed methodology.

G
Gene
Expression
Dataset

Preprocessing

Heuristic Optimization
Technique for Feature }
Selection
Cuckoo
Search
' Second Level Feature
B Selection
| Biological
insights
Ensemble Learner

Figure 1 Block diagram of the proposed methodology
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3. RESULTS AND DISCUSSIONS
Table 1 provides the description of the GSE-45827 dataset. Table 2 illustrates the parameters and their
corresponding values. Table 3 lists the number of features selected by heuristic optimization techniques.

Table 1 Dataset Description

29 - Luminal A
30 - Luminal B
14 - cell lines
11 - normal

44 BC samples and a subset of
11 normal samples

S.No. Dataset Number of Number of Samples Reference
Genes
1 GSE-45827 16384 41 — Basal [4]
30 - HER2,

Table 2 Parameters and their corresponding values for the optimization techniques

Model Parameter Value

Candidate Solution | A binary vector is used, where 'l'

Representation indicates the presence of a gene, and '0'
denotes its absence in the feature
selection process.

Population Size 20

Number of iterations 20

Objective Function 1 - Accuracy of SVM

Validation Cross validation = 5

SOMA step 0.11

prt 0.3

path_length 3

Objective Function Accuracy of SVM

PSO

Validation Cross validation = 5

1 1.5
Cy 1.5
w 0.9

Cuckoo Search

Objective Function

1 - Accuracy of SVM

Validation Cross validation = 5
B 1.5
14 0.01
pa 0.25
a 1

SMBO

Objective Function

1 - Accuracy of SVM
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Validation Cross validation = 5
B 0.5
a 0.5

Table 3 :Number of features selected and the corresponding best fitness values

Number of Significant

Best Fitness (1 -

Model features selected by the
Accuracy)
model
SOMA 8234 0.046
PSO 683 0
Cuckoo Search 8135 0.046
SMBO 8222 0.034
Figure 2 illustrates the distribution of classes within the dataset.
Class Distribution
normal

31 SOMA

luminal_B

Figure 2 Class Distribution

luminal_A

cell_line

Figure 3 represents the fitness value obtained by SOMA. The graph begins with a relatively high fitness value of
approximately 0.053, indicating that the initial feature subsets selected by SOMA resulted in lower accuracy, as
fitness is inversely related to accuracy. A sharp decline in the fitness value occurs during the initial iterations,
dropping from 0.053 to around 0.046, suggesting that SOMA quickly identifies better feature subsets early in the
optimization process. After this rapid improvement, the fitness value stabilizes at approximately 0.0462,
indicating that the algorithm has converged to a good solution and further iterations are unlikely to yield significant
gains. The final fitness value of 0.0462 corresponds to an accuracy of around 95.38%. This demonstrates that
SOMA effectively selected features that led to a high classification accuracy. The algorithm appears to have
reached convergence, implying that extending the iterations further may not result in substantial improvements.
The features selected during the process are crucial for the classification task, though further analysis would be
needed to pinpoint which specific features were chosen.
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SOMA for Feature Selection
0.053 1 — Best Fitness Value

0.052 1

0.051 4

0.050 1

0.049 4

0.048 4

Best Fitness Value (1 - Accuracy)

0.047 1

0.046

0.0 25 50 75 100 125 15.0 17.5
terations
Figure 3 Fitness values obtained from SOMA

Figures 4(a), 4(b), and 4(c) showcase the top 20 features seclected by Extremely Randomized Trees (ERT),
Random Forest, and XGBoost, respectively. These features are chosen based on their importance in classifying
the dataset and significantly contribute to model accuracy. The purpose of displaying these figures is to highlight
how each model selects relevant features for prediction tasks. By comparing the feature selection methods, it
becomes evident which features are consistently prioritized, reflecting their strong correlation with the target
variable. This information is crucial for understanding the models' decision-making process and ensuring the
interpretability of the results. Additionally, it provides insights into the most influential factors in the dataset that

drive predictions.

T 33 Pt s g T8 A el e R

Pl BT YT I

%y
|
INENE

134

Ll

EX E

IIIIIIIIIII\“““

i
i

~
fo¥)
—
~
=
~

[T P PSP —

'
|
1}

I

(c)
Figure 4 Top 20 Features Selected by Extremely Randomized Trees with SOMA features

Figure 5 presents the performance metrics of ERT, Random Forest, and XGBoost using the features selected by

SOMA. In most metrics, Random Forest slightly outperforms both ERT and XGBoost. For accuracy, Random
Forest and XGBoost both achieve 0.87, while ERT achieves 0.90, reflecting their strong classification capabilities.
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Precision and Recall are high for all models, with Random Forest reaching 0.97, XGBoost 0.87, and ERT 0.90,
showing that their predictions are generally reliable. The F1-scores align with the accuracy results, demonstrating
a well-balanced performance in precision and recall. Both Random Forest and XGBoost attain scores of 0.96 and
0.87, respectively, while ERT scores 0.90. Lastly, the Kappa values for all models are high, indicating a strong
level of agreement between predicted and actual classifications, with Random Forest at 0.96, ERT at 0.88, and
XGBoost at 0.84.

Performance Comparison of Classifiers

10 097 0.97 0.97 0.96 0.9%
0.90
0.8 -
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0.0 .
! ; : :
: § 3 3 3
Figure 5 Performance metrics
3.2 PSO

Figure 6 illustrates the fitness function values achieved using PSO. The graph begins with relatively low fitness
values, around 0.935, indicating that the initial random solutions explored by PSO resulted in lower accuracy. In
the early iterations, particularly between the second and fifth iterations, there is a significant improvement in
fitness, suggesting that PSO quickly identified more promising solutions by efficiently navigating the search
space. Following this rapid enhancement, the fitness value reaches a plateau at 1.00 and remains constant for the
remaining iterations, signifying that PSO has likely converged to an optimal or near-optimal solution with no
further improvements. The final fitness value of 1.00 indicates that the algorithm achieved 100% accuracy in
classification. This demonstrates PSO’s effectiveness in optimizing feature selection and improving accuracy. The
algorithm’s ability to stabilize quickly suggests that further iterations would not yield additional benefits,
confirming its reliability in identifying an optimal solution.
Best Fitness Over Iterations

100

=]
o
o

=2
-
~

096 1

Fitness (Accuracy)

0.95

0.94

0.0 2.3 5.0 75 10.0 125 15.0 175
Reration

763



TPM Vol. 32, No. S4, 2025 Open Access

ISSN: 1972-6325

https:/www.tpmap.org/

Figure 6 Fitness function values achieved using PSO
Figures 7(a), 7(b), and 7(c) showcase the top 20 features selected by ERT, Random Forest, and XGBoost,
respectively.

(b)
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(C)
Figure 7 Top 20 Features Selected by Extremely Randomized Trees with PSO features

Figure 8 compares the performance of three machine learning classifiers—Extremely Randomized Trees (ERT),
Random Forest, and XGBoost—across various evaluation metrics. The analysis reveals that all three models
achieve near-perfect performance across all metrics, highlighting their effectiveness in classification. However,
Random Forest outperforms ERT and XGBoost in most cases. In terms of accuracy, Random Forest attain a
perfect score of 1.0, while ERT and XGBoost reached 0.97, demonstrating their ability to correctly classify the

majority of instances.

Performance Comparison of Classifiers
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Figure 8 Performance metrics
33 CUCKOO SEARCH
Figure 9 shows the fitness function obtained from Cuckoo search. It begins with a relatively high fitness value of
around 0.053, indicating that the initial feature subsets in Cuckoo Search likely had lower accuracy. However,
there is a sharp drop in the fitness value around iteration 16, reducing to 0.046, signifying a significant
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improvement in the solution as a better feature subset was found. Following this, the fitness value stabilizes at
approximately 0.0462, suggesting that Cuckoo Search converged to an optimal solution, with no further
significant improvements. The final fitness value corresponds to an accuracy of about 95.38%, demonstrating the
effectiveness of the selected features in achieving high classification accuracy. Overall, the algorithm showed fast
convergence, with the major improvement occurring early in the process, and the selected features proved to be
highly accurate for the classification task.

Cuckoo Search for Feature Selection

0.053 A

0.052 ~

0.051

0.050 A
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0.048

Best Fitness Value (1 - Accuracy)

0.047 ~

—— Best Fitness Value

0.046 -

T T T
0.0 2.5 5.0 75 10.0 12.5 15.0 17.5
lterations

Figure 9 Fitness function values achieved using PSO
Figures 10(a), 10(b) and 10(c) represents the top 20 features selected from ERT, Random Forest, and XGBoost,
respectively.
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Figure 10 Top 20 Features Selected by Extremely Randomized Trees with Cuckoo Search features
Figure 11 illustrates the performance metrics of classifiers using the selected features from the Cuckoo Search
algorithm. Both ERT and Random Forest achieve an accuracy of 90%, while XGB attains an accuracy of 84%.
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Figure 11 Performance metrics
34 SMBO

Figure 12 depicts the fitness values obtained from SMBO. The graph begins with a relatively high fitness value
of around 0.053, indicating that the initial feature subsets selected by SMBO led to lower accuracy, as fitness is
calculated as 1 minus accuracy. A significant drop in fitness occurs at iteration 7, from 0.053 to 0.046, suggesting
that SMBO identified a notably better feature subset at this point. Following this sharp improvement, the fitness
value stabilizes around 0.0462 and remains constant throughout the remaining iterations, signaling that the
algorithm has likely converged to an optimal solution. This final fitness value corresponds to an accuracy of
approximately 95.38%, demonstrating that the chosen features were highly effective for the classification task.
The process highlights SMBO's efficiency in feature selection, with rapid convergence and an effective feature
subset contributing to high classification accuracy.

Figure 13(a), 13(b), and 13(c) present the top 20 features selected by ERT, Random Forest, and XGBoost,
respectively.
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Stellar Mass Blackhole Optimezation for Feature Selection
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Figure 12 Fitness values obtained from SMBO
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Figure 13 Top 20 Features Selected by Extremely Randomized Trees with SMBO features

Figure 14 displays the performance metrics derived from SMBO. ERT achieved an accuracy of 100%, while
Random Forest recorded 93% and XGBoost attained 81%.
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BIOLOGICAL INSIGHTS

Figure 15 visualizes the coefficients, p-values, and adjusted p-values for the top 20 genes. The x-axis represents
the gene names, while the y-axis shows the values of the coefficients and p-values. The blue bars represent the
regression coefficients, indicating the effect size of each gene in the model. The orange bars correspond to the p-
values, which assess the statistical significance of each gene’s contribution. Higher p-values suggest that the
corresponding gene is less significant in the model, while lower p-values (typically below 0.05) indicate statistical
significance. The presence of adjusted p-values (not explicitly differentiated in the graph) suggests that multiple
testing correction, such as the Bonferroni or Benjamini-Hochberg method, was applied to control for false
positives. Genes with very low p-values (below 0.05) are likely to be important predictors, whereas genes with
high p-values may not have a strong association with the outcome. The adjusted p-values further refine this
significance by accounting for multiple comparisons.

Top 20 Genes: Coefficients, p-values, and adjusted p-values (Stacked)
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Figure 15 Top 20 genes p-values and adjusted p-values

Table 4 displays the top 20 biomarker genes along with their corresponding values.

Table 4 Top Biomarker Genes Descriptions
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3.5.1  Validation of Hub Genes Using an Independent Dataset and qRT-PCR

The differential expression of hub genes was validated using the independent GSE45827 dataset, which consists
of 130 primary invasive breast cancer samples, categorized into 41 Basal-like, 30 HER2, 29 Luminal A, and 30
Luminal B subtypes, alongside 11 normal tissue samples. Furthermore, survival analysis of these hub genes was
performed using the Kaplan-Meier Plotter [32], an online tool for discovering and validating survival biomarkers.
A Kaplan-Meier plot is a statistical tool used to estimate survival functions from lifetime data, commonly applied
in gene expression studies to evaluate survival differences based on gene expression levels. In the context of breast
cancer, it is used to group patients based on high and low expression of specific genes, then plot survival curves
for these groups over time. The plot visualizes the proportion of patients surviving at different time points for each
group, and a log-rank test is often performed to assess if the survival difference between groups is statistically
significant. If a gene correlates with survival outcomes, the Kaplan-Meier plot will show distinct survival curves
for high and low expression groups, identifying it as a potential biomarker for prognosis.

205225 at, 201171 at, 204913 s at, 205200 at, 204914 s at, 201446 s at, 203685 at, 204840 s at,
206165 s at, 201668 x_at, 203249 at, 204915 s at, 205967 at, 203196 at, 200070 at, 203678 at,
206861 s at, 206378 at, 203380 x at, 202984 s at, 204716 at, 201695 s at, 204134 at, 203971 at,
203571 s _at, 201299 s at, 202801 at, 204313 _s_at 201299 s at

The sample 201299 s at'-RDM1 (RAD52 Motif Containing 1) plays a crucial role in breast cancer by facilitating
DNA damage repair, particularly in the repair of double-strand breaks. Its abnormal expression or mutations have
been associated with tumor progression and resistance to chemotherapy. As a key player in the homologous
recombination repair pathway, RDMI1 helps maintain genomic stability in breast cancer cells. Given its
significance in DNA repair mechanisms, it is considered a potential therapeutic target, with DNA repair inhibitors
being explored to enhance the effectiveness of chemotherapeutic treatments.

3.5.2  Kaplan-Meier Survival Plot

The Kaplan-Meier (KM) survival plot illustrates the survival probabilities of two groups of patients based on the
expression levels of the gene 201171 _at over time. The x-axis represents time in months, while the y-axis shows
the probability of survival. Two survival curves are plotted: one for patients with low expression (black line) and
another for those with high expression (red line). The hazard ratio (HR) of 1.06 with a 95% confidence interval
(0.96 - 1.17) indicates that patients in the high-expression group have a slightly higher risk of death compared to
those in the low-expression group. However, the log-rank p-value of 0.25 suggests that this difference is not
statistically significant. The number-at-risk table at the bottom provides the count of patients still being tracked at
various time points, starting with roughly 2500 patients in each group and decreasing over time. Since the survival
curves remain close to each other and the p-value is above 0.05, the analysis suggests that the expression level of
this gene does not have a significant impact on patient survival. Figures 16(a) and 16(b) illustrate the Kaplan-
Meier (KM) survival plots for GenelD 201171 at and 239169 _at, respectively.
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Figure 16 Kaplan-Meier survival plot

Figure 17 represents a gene interaction network, likely generated using GeneMANIA [33] tool. In this network,
nodes (circles) represent genes or proteins, while edges (lines) indicate interactions such as co-expression, genetic
interactions, pathway involvement, physical protein-protein interactions, and predicted associations. The central
gene, RDM1 (RAD52 motif 1), acts as a hub, displaying multiple interactions with other genes, suggesting its
significant role in cellular functions. Notably, RDMI is strongly linked to RADS52, implying a potential role in
DNA repair or genomic stability. Other interacting genes, including PLK1, PLK4, PI4KB, and PARPBP, suggest
associations with cell cycle regulation, kinase signaling, and DNA damage response. The network also includes
several other genes with lighter edges, indicating weaker or indirect associations. This visualization provides
insights into potential functional relationships between these genes, which could be further explored for their
biological significance.
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Figure 17 Gene generation network RDM1

Table 5 displays the gene set with differential expression for a p-value less than 0.05.
Table 5 Differentially Expressed Genes Count

Differentially Expressed Gene Set

Differentially Expressed Genes
(p-value < 0.05)

HER and basal

4372

HER and cell line

10074
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HER and luminal A 2460
HER and luminal B 6885
HER and normal 5752
basal and cell line 9462
basal and luminal A 8265
basal and luminal B 7725
basal and normal 9925
cell line and luminal A 10310
cell line and luminal B 9274
cell line and normal 8112
luminal A and luminal B 4102
luminal A and normal 9257
luminal B and normal 8688
4. DISCUSSIONS

Feature selection or dimensionality reduction is of paramount importance in the analysis of gene expression data,
particularly in high-dimensional datasets such as the GSE45827 breast cancer dataset. These datasets often contain
a large number of genes, but the number of samples may be limited, making the identification of relevant features
critical for achieving high classification accuracy. Without proper feature selection, the presence of irrelevant or
redundant genes can lead to overfitting, reduced accuracy, and poor generalization of machine learning models.
Moreover, the biological interpretation of the results becomes challenging due to the overwhelming number of
features. Thus, the effective selection of informative genes can improve both the performance of predictive models
and the biological understanding of the underlying disease mechanisms.

In this work, three heuristic optimization techniques—Self-Organizing Migrating Algorithm (SOMA), Particle
Swarm Optimization (PSO), and Stellar Mass Black Hole Optimization (SMBO)—were employed for feature
selection. These optimization algorithms are particularly suitable for gene expression data due to their ability to
handle the complexity and high dimensionality of the dataset. SOMA, PSO, and SMBO explore the search space
efficiently and identify the most relevant genes for classification tasks, improving model performance. By
incorporating these techniques, we were able to significantly reduce the dimensionality of the data while retaining
the most informative features that contribute to the classification of breast cancer.

Further refinement of the selected genes was achieved by applying ElasticNet, a second-level feature selection
method. ElasticNet combines the strengths of both L1 and L2 regularization, making it particularly effective in
handling multicollinearity and selecting a smaller number of highly informative genes. This additional layer of
feature selection helped to ensure that only the most relevant and non-redundant genes were retained, thereby
enhancing the interpretability of the results and reducing noise in the data.

The selected gene subsets were then used in ensemble learning models, including Random Forest, Extreme
Randomized Trees (ERT), and XGBoost. Ensemble learners combine multiple weak models to produce a stronger
model, improving accuracy and robustness. In this study, Random Forest achieved 100% accuracy with PSO-
selected features, 90% accuracy with Cuckoo Search, and 97% accuracy with SOMA-selected features,
demonstrating the potential of these optimization techniques to improve classification performance. ERT reached
100% accuracy using SMBO-selected features, highlighting the power of SMBO in optimizing the gene subset
for classification tasks. These results underscore the importance of combining feature selection with ensemble
learning to achieve high accuracy in breast cancer classification.

In addition to classification performance, this study also provided valuable biological insights. Differentially
expressed genes (DEGs) were identified, and pathway analysis revealed key biological processes and pathways
that may be implicated in breast cancer progression. The identification of biomarker genes is critical for
developing personalized treatment strategies and improving early detection methods. The use of ElasticNet for
feature selection further refined the list of relevant genes, enabling the identification of key biomarkers that could
serve as targets for therapeutic intervention.

The proposed work highlights the significance of feature selection in enhancing the performance of machine
learning models for gene expression data analysis. By incorporating heuristic optimization techniques such as
SOMA, PSO, and SMBO, and using ensemble learning models, this study demonstrates the potential for
improving classification accuracy while gaining biological insights into breast cancer. The identification of
differentially expressed genes and key pathways not only aids in understanding the underlying biology of the
disease but also contributes to the discovery of novel biomarkers for early detection and personalized oncology
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treatments. The findings emphasize the importance of combining computational techniques with biological
knowledge to develop more reliable predictive models and improve patient outcomes.
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