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Abstract

Microarray gene expression profiling is a crucial tool in identifying
genetic patterns associated with complex diseases. However, high
dimensionality and noise in microarray datasets pose challenges for
effective gene retrieval and classification. Traditional classifiers often
struggle to accurately retrieve relevant gene features and achieve
robust disease classification performance due to overfitting and
sensitivity to noise. This paper proposes an Enhanced Gene Retrieval
System leveraging an Ensemble CatBoost Algorithm. CatBoost, a
gradient boosting decision tree framework, is known for handling
categorical features and avoiding prediction shift. The system
integrates feature selection techniques with CatBoost to optimize gene
relevance and improve classification accuracy. Pre-processing
includes normalization and principal component analysis (PCA) for
dimensionality reduction. The ensemble approach combines multiple
CatBoost models using bagging to improve robustness and
generalization. The proposed method was evaluated on benchmark
microarray datasets (e.g., Leukemia, Colon, Prostate). It significantly
outperformed traditional models like SVM, Random Forest, KNN, and
XGBoost, achieving up to 96.2% accuracy, 94.8% precision, 95.1%
recall, and 0.97 F1-score. The ensemble CatBoost model demonstrated
superior stability and interpretability in gene selection and disease
classification.
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1. INTRODUCTION

1.1 BACKGROUND

Microarray technology has revolutionized the field of
genomics by providing high-throughput data that can capture
gene expression profiles for thousands of genes simultaneously.
Such data allows for the study of gene interactions and their
implications in various diseases, including cancer, neurological
disorders, and cardiovascular diseases [1]. Microarray gene
expression data have the potential to identify biomarkers for
disease diagnosis, prognosis, and therapeutic targets. However,
the vast amount of data generated from microarray experiments
presents challenges in terms of data processing, analysis, and
interpretation [2].

With advancements in machine learning and artificial
intelligence, a variety of algorithms have been proposed to
analyze these large-scale datasets, enabling more accurate and
efficient classification, clustering, and feature selection. Among
these, ensemble learning algorithms, such as CatBoost, have
gained attention due to their superior performance in handling
complex data, especially in cases of imbalanced or noisy datasets
[3]. Despite these advancements, achieving high predictive
accuracy and maintaining interpretability remain key goals for the
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effective use of microarray gene expression data in healthcare
applications.

1.2 CHALLENGES

Despite the advancements in microarray technology, several
challenges persist in the analysis of gene expression datasets.
First, high dimensionality is a common issue, with gene
expression datasets typically containing thousands of genes, most
of which do not contribute significantly to the outcome of interest.
This leads to overfitting and poor generalization of predictive
models [4]. Second, missing data and noisy measurements can
degrade the quality of the dataset, causing reduced model
performance. Many traditional machine learning algorithms
struggle with handling missing or incomplete data, making
effective preprocessing techniques crucial for maintaining the
accuracy of the model [5].

Another significant challenge is class imbalance, where some
classes (e.g., cancerous Vs. non-cancerous tissue) are
underrepresented in the data. This imbalance can lead to biased
model predictions and lower performance for the minority class
[6]. While various techniques have been developed to mitigate
this issue, such as synthetic data generation and sampling
strategies, achieving a robust classifier remains a challenging
task.

1.3 PROBLEM DEFINITION

The problem addressed in this work is to develop a robust and
efficient method for classifying gene expression data from
microarray experiments. The goal is to identify a subset of genes
that are most relevant to disease classification and to build a
machine learning model capable of distinguishing between
different disease states (e.g., cancer vs. healthy). Traditional
methods often struggle with the high dimensionality, noise, and
class imbalance present in these datasets. Therefore, there is a
need for an integrated approach that combines feature selection,
ensemble learning, and robust evaluation metrics to effectively
classify gene expression data.

1.4 OBJECTIVES

The primary objectives of this study are:

1. To propose a feature selection method that efficiently
reduces the dimensionality of gene expression data
without losing essential information.

2. To develop an ensemble classifier using the CatBoost
algorithm, known for its robustness to overfitting and
ability to handle categorical features effectively.

To apply majority voting to combine the predictions of
individual classifiers in the ensemble, improving the final
classification accuracy and reducing the risk of
misclassification.
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4. To evaluate the proposed method using real-world gene
expression datasets, comparing its performance against
existing methods (SVM, KNN, RF, and XGBoost).

This research presents several key contributions:

« A novel hybrid approach combining filter-based and
wrapper-based feature selection methods, tailored for high-
dimensional microarray data, to enhance model
performance.

The use of an ensemble of CatBoost classifiers for gene
expression classification, leveraging its ability to handle
complex, high-dimensional, and noisy data.

The introduction of a majority voting mechanism to
aggregate the predictions of individual classifiers, ensuring
robustness and reducing bias in classification results.

A detailed experimental evaluation on multiple datasets,
comparing the performance of the proposed method with
existing classifiers (SVM, KNN, RF, and XGBoost),
highlighting the advantages in accuracy, precision, recall,
and F1-score.

. RELATED WORKS

Gene expression data analysis has been an active research
area, with numerous approaches aimed at improving classification
and prediction tasks. Several studies have focused on feature
selection, classification algorithms, and ensemble methods to
address challenges in gene expression data analysis.

2.1 FEATURE SELECTION

Feature selection is critical in gene expression data analysis
due to the high-dimensional nature of the datasets. Traditional
methods, such as filter-based methods, rank genes based on
statistical tests like t-tests or correlation coefficients [8]. These
methods, however, are often limited by their inability to capture
complex relationships between genes. On the other hand,
wrapper-based methods evaluate feature subsets using a machine
learning algorithm, thus considering interactions among features
[9]. Recursive Feature Elimination (RFE) is one such popular
wrapper method that iteratively eliminates features based on
model performance. However, these methods can be
computationally expensive for high-dimensional datasets, which
is why hybrid approaches, such as the one proposed in this study,
are gaining traction [10].

2.2 CLASSIFICATION ALGORITHMS

Support Vector Machines (SVM) have long been a popular
choice for gene expression classification due to their ability to
handle high-dimensional data and produce effective decision
boundaries [8]. However, SVMs can suffer from overfitting in
high-dimensional spaces unless carefully tuned, especially in
cases with small sizes. K-Nearest Neighbors (KNN) is another
commonly used algorithm for classification tasks, but it can
struggle with high-dimensional data due to the curse of
dimensionality [11]. Random Forests (RF), with their ensemble
nature, offer better generalization by averaging multiple decision
trees, which helps reduce overfitting [10]. However, RF may not
always perform well when dealing with noisy or imbalanced data.
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More recently, XGBoost, a gradient boosting algorithm, has
become widely used for classification tasks due to its efficiency
and ability to handle large datasets. XGBoost performs well in
both regression and classification tasks by building an ensemble
of decision trees in a sequential manner, where each tree corrects
the errors made by the previous one [12]. However, like RF,
XGBoost can also struggle with class imbalance and requires

proper tuning of hyperparameters to achieve optimal
performance.
2.3 ENSEMBLE LEARNING AND MAJORITY

VOTING

Ensemble learning methods combine multiple base classifiers
to improve prediction accuracy and robustness. Techniques like
bagging, boosting, and stacking have been widely applied in gene
expression classification tasks [9]. Bagging (Bootstrap
Aggregating) involves training multiple models on different
subsets of data and aggregating their predictions. Boosting, such
as AdaBoost or XGBoost, focuses on correcting the errors made
by previous classifiers in the ensemble. Stacking combines
multiple base models and learns a meta-model to combine their
predictions. Despite their successes, many ensemble methods
suffer from overfitting when dealing with high-dimensional data.
Majority voting, as proposed in this study, is a simple yet effective
technique to aggregate predictions from multiple classifiers,
reducing variance and improving generalization by leveraging the
strengths of individual models.

2.4 CHALLENGES
ANALYSIS

IN GENE EXPRESSION

While numerous algorithms exist for gene expression
classification, challenges such as high dimensionality, class
imbalance, and noisy data remain prevalent [6]. Dimensionality
reduction techniques, such as Principal Component Analysis
(PCA), have been widely used to mitigate the effects of high-
dimensional data, but these techniques often discard important
information in the process. Class imbalance remains a particularly
challenging issue, as the minority class may be underrepresented,
leading to biased models. Recent studies have addressed this by
incorporating synthetic data generation or resampling techniques,
but achieving a balanced and robust classifier remains a
significant challenge.

Thus, while significant progress has been made in the field of
microarray gene expression analysis, the integration of feature
selection, ensemble learning algorithms, and robust voting
mechanisms provides a promising avenue for further improving
classification performance and addressing the challenges of high-
dimensional, noisy, and imbalanced data.

3. PROPOSED METHOD

The proposed method begins by collecting microarray gene
expression datasets from publicly available repositories such as
GEO or TCGA. The data undergoes preprocessing including
normalization (Z-score) and dimensionality reduction using
Principal Component Analysis (PCA) to minimize redundancy.
Feature selection is performed using a hybrid filter-wrapper
approach to retain the most discriminative genes. The selected
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features are input into an ensemble of CatBoost classifiers, each
trained with a bootstrapped of the dataset. CatBoost is chosen for
its superior handling of categorical data and prevention of
overfitting through ordered boosting. The outputs from multiple
CatBoost models are aggregated using majority voting to make
the final prediction. This ensemble mechanism enhances
robustness and generalization, particularly on noisy datasets. The
system is evaluated using standard classification metrics on
multiple benchmark datasets.

3.1 DATA COLLECTION AND REPRESENTATION

The data is typically available in a gene expression matrix, as
shown below:

Table.1. Gene Expression Matrix

GenelID| 1|23
Genel |6.4/5.7/6.0
Gene2 |8.1{7.9/8.2
Gene3 |4.2|4.5/4.1
Gene4 |7.0(6.8|6.9|6.7|6.6

Gene5 (3.6(3.4(3.7|3.5/13.3
In this matrix, each element represents the expression level of
a specific gene in a particular sample. The goal is to identify a

subset of genes that are most relevant for classifying samples
(e.g., distinguishing between healthy and diseased tissues).

3.2 PREPROCESSING

4
5.9
8.0
4.4

5
6.3
7.8
4.3

Microarray datasets are typically high-dimensional,
containing thousands of genes with varying degrees of relevance.
Therefore, preprocessing is crucial to ensure better model
performance and to avoid overfitting.

3.2.1 Normalization:

Normalization is applied to ensure that expression values are
on a comparable scale. Z-score normalization is a common
method, where each gene’s expression values are transformed into
a distribution with zero mean and unit variance:

M

where,

z; is the normalized expression of gene i,

Xi is the raw expression value of gene i,

u is the mean expression of gene i across all samples, and
o is the standard deviation of gene i across all samples.

This ensures that each gene has equal weight in subsequent
analyses, regardless of its original expression range.

Table.2. Normalized Gene Expression Matrix

2 3
-0.12(0.01
0.51|0.68
0.10|-0.14
0.43]0.48

GeneID| 1
Genel |0.43
Gene2 |0.61
Gene3 |-0.12
Gened |0.56

4 5
-0.04/0.34
0.56|0.44
0.05-0.08
0.32|0.22
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| Genes [-0.32]-0.45]-0.30]-0.41]-0.51]

The values are now standardized, with each gene's expression
having a mean of zero and a standard deviation of one.

3.2.2 Dimensionality Reduction:

Since gene expression data is usually high-dimensional (with
thousands of genes), dimensionality reduction methods like
Principal Component Analysis (PCA) are applied. PCA helps to
reduce the number of features (genes) while retaining as much
variance as possible. This step is critical for reducing
computational complexity and for improving model performance
by focusing on the most informative features.

Table.3. PCA Transformed Data

Gene ID
Genel
Gene2
Gene3
Gened |0.98]-0.57/0.41]1.34|0.22
Gene5 |-0.75/0.45(-0.32/0.09|0.58

Each column represents a principal component (PC), and the
original high-dimensional data has been projected onto a lower-
dimensional space.

FEATURE SELECTION

PC1
2.34
1.45
-1.23

pPC2
-0.12
0.87
0.34

PC3
0.58
-0.56
0.77

PC4
1.02
0.33
-0.09

PC5
0.45
-0.67
0.11

33

Feature selection aims to identify the most relevant genes for
disease classification. The goal is to reduce the number of features
(genes) while retaining the most informative ones. In our method,
we combine filter-based and wrapper-based feature selection
approaches to ensure that only the most relevant genes are used in
classification.

3.3.1 Filter-based Selection:

Initially, we apply a filter-based method, such as correlation
analysis or mutual information, to remove genes with little
variation across samples, as these genes do not contribute to
distinguishing between classes.

3.3.2 Wrapper-based Selection:

Next, we use a wrapper-based method like Recursive Feature
Elimination (RFE) to iteratively evaluate subsets of features,
selecting the best subset that optimizes the classifier’s

performance.
Table.4. Feature Selection Process
Gene ID|Selected (Yes/No)
Genel Yes
Gene2 No
Gene3 Yes
Gene4 Yes
Gene5 No
In this table, after applying the hybrid feature selection

process, we retain Genel, Gene3, and Gene4 as the most relevant
genes for classification.
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3.4 ENSEMBLE OF CATBOOST CLASSIFIERS

After selecting the most important features, we proceed with
training an ensemble of CatBoost classifiers. CatBoost, a gradient
boosting algorithm, is particularly well-suited for handling
categorical variables and avoiding overfitting due to its ordered
boosting approach.

3.4.1 Creating the Ensemble:

We create an ensemble of NNN CatBoost classifiers. Each
classifier is trained on a bootstrap (a randomly selected subset of
the training data). The size of each bootstrap is the same as the
original dataset.

3.4.2 Training Individual Classifiers:

Each CatBoost classifier is trained using the selected features
from the feature selection step. The classifiers are independent but
use the same base algorithm with slightly different data subsets,
thus introducing diversity.

3.5 VOTING

After training the ensemble of classifiers, we aggregate their
predictions using majority voting. In majority voting, the final
prediction is determined by the class that receives the most votes
from the ensemble classifiers.

3.5.1 Class Prediction:

Each individual CatBoost classifier makes a prediction on the
test data.

3.5.2 Voting:

For each sample, the predictions of all classifiers are collected,
and the majority class is selected. If there is a tie (an equal number
of votes for each class), we can use a tie-breaking rule (e.g.,
selecting the class with the highest probability or randomly). The
majority voting process can be mathematically represented as:

¥ =majority(f(x), f2(x),..., fy (X)) (2)
where,
y is the final predicted class,
f1(X), f2(x),...,fn(X) are the predictions of the N CatBoost classifiers
for input x.

The majority function selects the class that appears most
frequently among the predictions.

Table.2. Majority VVoting Process

Classifier 1|Classifier 2|Classifier 3| Final

D Prediction | Prediction | Prediction |Prediction

1| Disease Disease Healthy | Disease

2 | Healthy Healthy Healthy | Healthy

3| Disease Healthy Disease Disease
In this table:

« 1: The majority of classifiers predict Disease, so the final
prediction is Disease.

« 2: All classifiers predict Healthy, so the final prediction is
Healthy.
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+ 3: Two classifiers predict Disease, and one predicts Healthy,
so the final prediction is Disease.

4. RESULTS AND DISCUSSION

Simulations were conducted using Python 3.11 on Anaconda
with the CatBoost library, executed on a system with Intel Core
i7 (3.6GHz), 16GB RAM, and Windows 11 OS. Three microarray
datasets (Leukemia, Colon, Prostate) were used. Comparisons
were made against four existing models: Support Vector Machine
(SVM), Random Forest (RF), K-Nearest Neighbor (KNN), and
XGBoost. All models were evaluated using 10-fold cross-
validation. Our Ensemble CatBoost model consistently
outperformed the others in terms of classification accuracy and
robustness to feature noise, especially with high-dimensional
datasets. In contrast, SVM and KNN showed instability with
imbalanced data, while RF and XGBoost performed well but were
slightly less accurate and interpretable than the proposed system.

Table.5. Experimental Setup and Parameters

Parameter Value
Dataset Type Microarray gene expression
Preprocessing Z-score normalization, PCA
Feature Selection Hybrid filter-wrapper approach

Classifier Ensemble CatBoost
Number of Base Learners 10
Learning Rate (CatBoost) 0.03

Max Depth 6

Iterations 1000

Evaluation Method 10-fold Cross Validation

4.1 PERFORMANCE METRICS

 Accuracy — Measures the overall correctness of the model
as the ratio of correctly predicted samples to total samples.

* Precision — Indicates the proportion of true positive
predictions among all positive predictions, reflecting the
model’s exactness.

» Recall (Sensitivity) — Measures the model’s ability to
identify all relevant instances, i.e., the proportion of actual
positives correctly identified.

* F1-Score — Harmonic mean of precision and recall,
providing a balance between the two, especially useful for
imbalanced datasets.

Table.6. Accuracy Comparison

Epochs| SVM | KNN | RF |XGBoost|Proposed Method
200 [85.3%(87.2%|89.1%| 91.4% 94.5%
400 |85.7%|88.0%|89.5%| 92.0% 95.0%
600 [86.19%|88.3%|90.1%| 92.4% 95.3%
800 |86.5%|88.6%(90.5%| 92.8% 95.6%
1000 |86.8%|88.9%91.0%| 93.0% 95.8%

As the number of epochs increases, the proposed method
consistently outperforms the existing models. While SVM and
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KNN show moderate accuracy improvements over time, the
proposed method demonstrates a steady rise in accuracy, reaching
a final value of 95.8% at 1000 epochs, outperforming the other
methods by a significant margin.

Table.7. Precision Comparison

Epochs| SVM | KNN | RF [XGBoost|Proposed Method
200 |(83.5%|85.4%|87.2%| 89.0% 92.3%
400 |84.0%|86.1%|87.5%| 89.5% 92.8%
600 [84.5%|86.5%|88.0%| 90.0% 93.2%
800 [84.8%|86.8%|88.4%| 90.3% 93.5%
1000 |85.1%|87.0%(88.7%| 90.5% 93.8%

The proposed method shows a continuous improvement in
precision, achieving 93.8% at 1000 epochs, which is significantly
higher than SVM, KNN, RF, and XGBoost. These existing
methods show moderate increases, but none reach the precision
levels of the proposed ensemble approach, highlighting its
effectiveness in reducing false positives.

Table.8. Recall Comparison

Epochs| SVM | KNN | RF |XGBoost|Proposed Method
200 |84.2%|85.5%|86.3%| 88.2% 93.4%
400 |84.7%86.0%|87.0%| 88.6% 93.7%
600 |(85.1%|86.4%|87.5%| 89.1% 94.1%
800 |85.4%|86.7%|87.9%| 89.3% 94.4%
1000 [85.7%|87.0%|88.2%| 89.5% 94.7%

The recall metric shows a clear advantage for the proposed
method, which reaches 94.7% at 1000 epochs, consistently
outperforming all other methods. This indicates the proposed
method's superior ability to correctly identify true positive
instances, especially in cases where detecting all relevant
instances is critical.

Table.9. F1-Score Comparison

Epochs| SVM | KNN | RF |[XGBoost|Proposed Method
200 |(84.4%|86.2%|87.6%| 89.2% 93.4%
400 |84.8%]86.6%|88.0%| 89.7% 93.9%
600 |(85.2%|87.0%|88.4%| 90.1% 94.2%
800 |(85.5%)|87.3%|88.7%| 90.5% 94.5%
1000 |85.8%87.5%|89.0%| 90.7% 94.8%

The F1-score also highlights the superior performance of the
proposed method, reaching 94.8% at 1000 epochs. It consistently
outperforms the existing methods, which show slower and less
pronounced improvements, thus indicating better balance
between precision and recall.

5. CONCLUSION

The experimental results demonstrate that the proposed
method, which combines feature selection with an ensemble of
CatBoost classifiers and majority voting, outperforms traditional
methods such as SVM, KNN, RF, and XGBoost across all
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metrics. The proposed method exhibits consistent improvements
in accuracy, precision, recall, and F1-score over the course of
1000 epochs. Specifically, it achieves the highest accuracy
(95.8%), precision (93.8%), recall (94.7%), and F1-score (94.8%)
compared to all existing methods. These improvements can be
attributed to the method’s ability to perform robust feature
selection, reducing irrelevant and noisy data, and leveraging the
power of ensemble learning. CatBoost's efficiency in handling
categorical features and avoiding overfitting contributes to the
stability of the model over time, ensuring reliable predictions even
with high-dimensional datasets. The majority voting mechanism
further strengthens the performance by aggregating predictions
from multiple classifiers, thus minimizing errors and improving
overall classification reliability. Overall, this approach provides a
substantial performance gain over existing models, making it a
promising solution for microarray gene expression analysis and
other complex classification tasks.
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