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Abstract. This article offers a thorough analysis of feature selection strategies that use
machine learning to analyze gene expression data. In order to extract significant
biological insights, the explosion of high-dimensional genomic data has required the
invention and use of sophisticated analysis techniques. In this situation, feature
selection is essential because it finds the most pertinent genes that have a major impact
on the prediction ability of machine learning models. The paper examines a range of
feature selection techniques, classifying them into filter, wrapper, and embedding
approaches, each having special advantages and disadvantages. The importance of
gene expression data in comprehending the molecular mechanisms underlying
complicated diseases and biological processes. The difficulties presented by high-
dimensional datasets are next explored, with a focus on feature selection as a means of
enhancing model interpretability, lowering computational cost, and raising prediction
accuracy. In order to shed light on the fundamental ideas and practical uses of well-
known feature selection algorithms, the writers thoroughly examine a number of them,
including Mutual Information, Relief, and Recursive Feature Elimination (RFE).
Additionally, the study assesses these methods' performance critically across a range of
datasets and experimental situations, emphasizing important factors like
interpretability, scalability, and resilience. The paper also discusses new developments
in feature selection, such as the incorporation of deep learning techniques, ensemble
methods, and domain expertise. In order to fully realize the promise of gene expression
data for biomedical research and clinical applications, the study ends with a discussion
of the present issues and prospective future directions in the field. This discussion
emphasizes the significance of creating reliable and understandable feature selection
techniques. This thorough study will be an invaluable tool for practitioners, researchers,
and bioinformaticians in the field of genomics as they navigate the challenging terrain
of feature selection techniques in the context of machinelearning-based gene expression
analysis.
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1. Introduction

Within the fields of computational biology and bioinformatics, gene expression data a type
of medical data is used to indicate the condition and function of every gene in an organism's
genome. This data may be useful in the diagnosis of conditions like cancer (Abdulqader et al,
2020). But out of all the genes in the genome, only a few are relevant when it comes to cancer
diagnosis. Therefore, it is crucial to isolate these particular genes from the expression of the
complete genome. By using the expression values of a few genes, it is possible to classify a
patient as either having the disease or not.

Pattern recognition, statistics, and data mining all include the dynamic field of feature
selection as one of their subfields. The fundamental idea behind feature selection is the
methodical curation of a subset of input variables, with the purpose of methodically removing
those with little to no predictive value. This deliberate method often produces models with
better generalization to unknown data points and has the potential to significantly improve
the interpretability of the resulting classifier models. Furthermore, the search for the exact
subset of predictive traits is inherently important. For example, when making medical
decisions, doctors might depend on certain characteristics to assess if expensive surgical
procedures are required for the patient's condition (Abdulgader et al., 2020).

In this article, feature selection techniques used in machine learning algorithms for gene
expression analysis are thoroughly reviewed. A crucial preprocessing stage that helps identify
themost pertinent genes or traits that contribute to a specific biological phenomenon s feature
selection (Almazrua & Alshamlan, 2022). The main objective is to separate the signal from the
noise so that genetic regulatory networks can be understood more precisely and with greater
focus.

The analysis of several feature selection techniques within the machine learning paradigm
is the basis of this review. The usefulness of both more recent and sophisticated statistical
methods and older established statistical approaches in detecting genes with biological
significance and reducing the effects of dimensionality will be examined. We'll pay particular
attention to the filter, wrapper, and embedding approaches, as they each provide unique
benefits in certain situations (Bommert et al., 2022).

Moreover, the article will illuminate the challenges inherent in gene expression data, such
asnoise, heterogeneity, and classimbalance, and how feature selection methodsaim toaddress
these issues. Real-world applications and case studies will be presented, showcasing
successful implementations of machine learning-based feature selection in unraveling the
genetic basis of diseases, drug responses, and other biological phenomena.

In conclusion, this review seeks to provide a comprehensive overview of the current
landscape of feature selection methods applied to gene expression analysis using machine
learning. By synthesizing the existing knowledge, we aim to offer researchersand practitioners
a roadmap for navigating the intricate terrain of genomics, fostering a deeper understanding
of the intricate dance of genes within the cellular orchestra.

2. Machine Learning

Machine learning is a branch of artificial intelligence (AI) that focuses on developing
algorithms and models that enable computers to learn from data and make predictions or
decisions without explicit programming. It involves the use of statistical techniques and
algorithms to enable computers to improve their performance on a specific task through
experience. Machine learning applications are diverse and range from image and speech
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recognition to recommendation systems, natural language processing, and autonomous
vehicles (Srinivasa et al., 2020).

There are three main types of machine learning;: supervised learning, where the model is
trained on labeled data; unsupervised learning, where the model identifies patterns in
unlabeled data; and reinforcement learning, where the model learns by interacting with an
environment and receiving feedback. Machine learning plays a crucial role in various
industries, driving advancements in healthcare, finance, marketing, and more, by leveraging
the power of data to extract meaningful insights and enhance decision-making processes
(Srinivasa et al., 2020).

Machine learning, at its core, is a paradigm that empowers computers to learn and adapt
without being explicitly programmed. It relies on the utilization of algorithms that enable
machines to recognize patterns, make predictions, and improve their performance over time
based on experience. The process involves feeding large amounts of data into a model,
allowing it to identify underlying patterns and relationships. This learning process is broadly
categorized into three types (Tabl et al., 2019a).

Supervised learning involves training a model on a labeled dataset, where the algorithm
learns to map input data to corresponding output labels. This type of learning is prevalent in
tasks such as image and speech recognition. Unsupervised learning, on the other hand, deals
with unlabeled data, and themodel's goal is to identify inherent patterns and structures within
the information, common applications include clustering, anomaly detection, and
dimensionality reduction (Jo, 2021). Reinforcement learning, the third type, involves an agent
learning to make decisions by interacting with an environment and receiving feedback in the
form of rewards or penalties. This approach is particularly relevant in scenarios like
autonomous systems and game playing (Jo, 2021).

The impact of machine learning is profound, permeating various industries and reshaping
the way we approach problem-solving. In healthcare, it aids in disease diagnosis and
personalized treatment plans. Financial institutions leverage machine learning for fraud
detection and risk assessment, while marketing benefits from personalized recommendations
and targeted advertising. As technology continues to advance, machine learning's role is
expected to expand further, driving innovation and enhancing efficiency across diverse
domains. Machine learning can be broadly categorized into three main types, each with its
unique approach tolearning from data (Al-Azzam & Shatnawi, 2021) (Abdulqader et al., 2020).

In supervised learning, the algorithm is trained on a labeled dataset, where the input data
is paired with corresponding output labels (Lindholm et al., n.d.). The goal is for the model to
learn the mapping or relationship between the input and output so that it can make predictions
or decisions when presented with new, unseen data. Common applications include
classification, where the algorithm predicts the class or category of an input, and regression,
where it predicts a continuous value (Jiang et al., 2020) (Sen et al., 2020).
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Figure 1. Supervised Learning Model

Unsupervised learning deals with unlabeled data, and the algorithm's objective is to
identify patterns, structures, or relationships within the data without explicit guidance.
Clustering is a common unsupervised learning task, where the algorithm groups similar data
points into clusters (Scheurer & Slager, 2020). Another task is dimensionality reduction, which
involves simplifying the data while retaining its essential features. Unsupervised learning is
valuable for exploring and discovering hidden patterns in data without predefined categories
(Usama et al., 2019) (Ceriotti, 2019).
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Figure 2. Unsupervised Learning Model

Reinforcement learning involves an agent interacting with an environment and learning
to make decisions by receiving feedback in the form of rewards or penalties. The agent aims
to learn a policy, a set of actions, that maximizes the cumulative reward over time. This type
of learning is prevalent in applications such as game playing, robotics, and autonomous
systems, where an agent learns to navigate and adapt to its surroundings through trial and
error (Al-Azzam & Shatnawi, 2021) (Berry et al., 2020).
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Figure 3. Reinforcement Learning Model

These three types of machine learning represent different approaches to solving problems
and extracting insights from data, and often, a combination of these techniques is employed
for more complex tasks.

2.1. Machine Learning Algorithms

Machine learning algorithms are the backbone of artificial intelligence systems, enabling
computers to learn and make predictions or decisions without explicit programming. These
algorithms are designed to identify patterns, learn from data, and improve their performance
over time. There are various types of machine learning algorithms, broadly categorized into
supervised learning, unsupervised learning, and reinforcement learning (Ray, n.d.).

Trained on labelled datasets, where the input data is paired with corresponding output
labels. The algorithm learns to map inputs to outputs, making predictions on new, unseen
data. Common supervised learning algorithms include linear regression, decision trees,
support vector machines, and neural networks (Uddin et al., 2019).

Unsupervised learning, on the other hand, deals with unlabelled data. The algorithm
explores the inherent structure or patterns within the data without explicit guidance.
Clustering algorithms, such as k-means and hierarchical clustering, fall under unsupervised
learning, as do dimensionality reduction techniques like principal component analysis (PCA)
and autoencoders (Mahesh, 2018).

Reinforcement learning involves training algorithms to make sequential decisions by
interacting with an environment. The algorithm receives feedback in the form of rewards or
penalties, adjusting its actions to maximize cumulative rewards over time. This approach is
commonly used in applications like game playing, robotic control, and autonomous systems
(Ferdous et al., 2020).

Furthermore, within these broad categories, there are numerous specialized algorithms
tailored for specific tasks. Random forests, gradient boosting, and ensemble methods are
popular techniques for improving predictive performance (Ngiam & Khor, 2019). Support
vector machines excel in classification tasks, while recurrent neural networks and long short-
term memory networksare well-suited for sequential data, like time series or naturallanguage
(O. Ahmed & Brifcani, 2019).
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Machine learning algorithms are versatile and find applications in various domains,
including healthcare, finance, image and speech recognition, naturallanguage processing, and
recommendation systems. The success of these algorithms depends on the quality and
quantity of data, as well as careful consideration of the problem at hand when selecting the
most suitable algorithm. As technology continues to advance, machine learning algorithms
play a crucial role in shaping the capabilities of intelligent systems and driving innovation
across industries (Sarker, 2021).

2.1.1 Support Vector Machine (SVM)

Support Vector Machine (SVM) isa powerfuland widely used supervised machinelearning
algorithm that falls under the category of discriminative classifiers. Developed by Vladimir
Vapnik and his colleagues in the 1990s, SVM is particularly effective for classification and
regression tasks. The primary objective of SVM is to find a hyperplane that best separates data
points into different classes while maximizing the margin between the classes (Sarker, 2021).

The key idea behind SVM is to identify the optimal decision boundary (hyperplane) that
maximally separates data points of different classes. The optimal hyperplaneis the one that
has the maximum margin, defined as the distance between the hyperplane and the nearest
data points of each class. SVM aims to find this hyperplanein a high-dimensional space, where
each feature of the input data corresponds to a dimension (Kang et al., 2019a).

One of the strengths of SVM is its ability to handle both linear and non-linear classification
tasks. In a linearly separable case, where the classes can be separated by a straight line, SVM
determines the optimal hyperplane using methods like the maximal margin hyperplane or the
support vector approach. For non-linearly separable cases, SVM can use kernel functions, such
as polynomial or radial basis function (RBF) kernels, to map the input data into a higher-
dimensional space where a hyperplane can effectively separate the classes (Berry et al., 2020).

The term "support vectors" in SVM refers to the data points that are crucial in defining the
optimal hyperplane. These are the data points that lie closest to the decision boundary and
influence the positioning and orientation of the hyperplane. SVM relies on these support
vectors to make predictions for new, unseen data (Lindholm et al., n.d.).

SVM has proven to be effective in various applications, including text classification, image
recognition, bioinformatics, and finance. Its robust performance is attributed to its ability to
handle high-dimensional data, its resistance to overfitting, and its versatility in handling both
linear and non-linear relationships within the data (Burkart & Huber, 2021).

Despite its strengths, SVM's performance may be affected by the choice of kernel function
and its sensitivity to the parameters. Additionally, SVM might face challenges when dealing
with large datasets, as the computational complexity increases with the number of data points
(Al-Azzam & Shatnawi, 2021).

In summary, Support Vector Machine is a versatile and powerful algorithm thathas found
success in various machine learning applications due to its ability to handle different types of
data and perform well in both linear and non-linear scenarios (Usama et al., 2019).

2.1.2 K-Nearest Neighbors (KNN)

K-Nearest Neighbors (KNN) is a simple yet powerful supervised machine learning
algorithm used for classification and regression tasks. It falls under the category of instance-
based or lazy learning methods, as it does not explicitly build a model during the training
phase. Instead, KNN stores the entire training dataset and makes predictions by comparing
the input data with the stored instances (Shaban et al., 2020a).
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The fundamental principle behind KNN isbased on the assumption that similar data points
in the feature space tend to belong to the same class or exhibit similar behavior. The "K" in
KNN refers to the number of nearest neighbors that influence the prediction for a given data
point. When making a prediction for a new data point, the algorithm identifies the K nearest
neighbors in the training dataset based on a chosen distance metric, such as Euclidean distance
or Manhattan distance (Sun et al., 2019a).

For classification tasks, KNN takes a majority vote among its K nearest neighbors to assign
a class label to the new data point. In regression tasks, the algorithm computes the average (or
weighted average) of the target values of the K nearest neighbors to predict a continuous
output (Taunket al., 2019).

One of the strengths of KNN is its simplicity and ease of implementation. Additionally,
KNN can adapt to different types of data and does not make strong assumptions about the
underlying distribution of the data. However, the performance of KNN can be sensitive to the
choice of the distance metric and the value of K. Selecting an appropriate value for K is crucial;
asmall K can make thealgorithm sensitive to noise, while a large K may lead to oversmoothing
(Xing & Bei, 2020).

Despite its simplicity, KNN has proven effective in various applications, including image
recognition, handwritten digit classification, and recommendation systems. However, its
computational complexity can bea limitation, particularly with large datasets, asthe algorithm
needs to compute distances for each new instance with respect to all training instances during
prediction (Bansal et al., 2022).

In summary, K-Nearest Neighbors is a versatile and intuitive algorithm that leverages the
concept of proximity in feature space to make predictions. While it may not be suitable for all
scenarios, it remains a valuable tool in the machine learning toolkit, especially for small to
moderately sized datasets and when interpretability is crucial (Shokrzade et al., 2021).

2.1.3 K-Means

K-Means is a widely used clustering algorithm in machine learning and data analysis. It
falls under the category of unsupervised learning algorithms, specifically designed for
partitioning a dataset into K distinct, non-overlappingsubsets or clusters. The goal of K-Means
is to group similar data points together and assign them to clusters, where the number of
clusters (K) is a user-defined parameter (Sinaga & Yang, 2020).

The algorithm operates iteratively, starting with an initial set of K cluster centroids
randomly placed in the data space. It then alternates between two steps until convergence. In
the assignment step, each data point is assigned to the cluster whose centroid is closest,
typically measured using Euclidean distance. In the update step, the centroids of the clusters
are recalculated based on the mean of the data points within each cluster (M. Ahmed et al,,
2020).

One challenge in using K-Means is that the algorithm's performance can be sensitive to the
initial placement of centroids. To mitigate this, K-Means often employs multiple random
initializations, and the result with the lowest overall intra-cluster variance (sum of squared
distances from data points to their assigned cluster centroids) is chosen (Hassan et al., 2021).

K-Means has found applications in various fields, including image segmentation, customer
segmentation in marketing, anomaly detection, and document clustering. Its simplicity and
efficiency make it suitable for large datasets and situations where the underlying data
distribution is relatively well-behaved (X. Liu et al., 2018).
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However, K-Means has limitations. It assumes that clusters are spherical and equally sized,
which may not be appropriate for all types of data. The algorithm is also sensitive to outliers,
and the choice of the number of clusters (K) can impact the results significantly (M. Ahmed et
al., 2020).

Researchers and practitioners often use variations of K-Means, such as K-Means++, which
improves the initialization step to enhance convergence speed and reduce sensitivity to
initialization. Despite its limitations, K-Means remains a fundamental and widely applied
clustering algorithm, providing valuable insights into the structure of unlabeled datasets (C.
Yuan & Yang, 2019).

2.1.3 Naive Bayes

simple probabilistic classification algorithm based on Bayes' theorem, which is a
fundamental probability theorem. Despite its simplicity, Naive Bayes often performs
surprisingly well in various real-world applications, particularly in natural language
processing tasks like spam filtering and text classification (Chenetal.-2020 - A Novel Selective
Naive Bayes Algorithm.Pdf, n.d.).

The "naive" in Naive Bayes comes from the assumption of independence among features.
This means that the algorithm assumes that the presence of a particular feature in a class is
independent of the presence of other features. Although this assumption might not hold true
in all cases, it simplifies the computation and allows the algorithm to be computationally
efficient and easy to implement (Chen et al., 2020).

The algorithm works by calculating the probability of a given instance belonging to a
particular class based on the features observed in that instance. Bayes' theorem is used to
update these probabilities as new features are considered (Surya and Subbulakshmi - 2019 -
Sentimental Analysis Using Naive Bayes Classifier.Pdf, n.d.). The formula for Bayes' theorem
is:

P(class|features)=( P(features|class)xP(class)) / P(features) In this formula:

P(class | features) is the probability of the class given the observed features.
P(features | class) is the probability of the features given the class.

P(class) is the prior probability of the class.

P(features) is the probability of the observed features.

The algorithm classifies an instance by selecting the class with the highest posterior
probability. Despite its simplifying assumptions, Naive Bayes often performs surprisingly well
and can be competitive with more complex algorithms, especially when dealing with high-
dimensional data.

There are different variants of Naive Bayes, such as Gaussian Naive Bayes (for continuous
data assuming a Gaussian distribution), Multinomial Naive Bayes (for discrete data,
commonly used in text classification), and Bernoulli Naive Bayes (for binary data) (Itoo et al,,
2021).

Overall, Naive Bayes is a powerful and efficient algorithm, particularly suitable for tasks
where the assumption of feature independence is reasonable. Its simplicity, speed, and
effectiveness make it a popular choice for a wide range of applications (Rahat et al., 2019).

3. Feature Section

Feature selection is a crucial step in the process of machine learning and data analysis,
aimed atidentifying and retaining the most relevant variables or features froma given dataset.
The primary objective is to enhance model performance by reducing dimensionality,
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mitigating the risk of overfitting, and improving interpretability (Ali & Aittokallio, 2019). In
essence, feature selection involves choosing a subset of features that contributes the most to
the predictive power of a model while discarding redundant or irrelevantinformation. Various
techniques are employed for feature selection, ranging from filter methods that assess feature
relevance independently of the chosen learning algorithm, wrapper methods thatincorporate
the predictive model's performance, to embedded methods where feature selection is an
integral part of the model training process (Togacar et al., 2020). The benefits of effective
feature selection are manifold, including faster model training, enhanced generalization, and
a clearer understanding of the underlying patterns within the data. However, the choice of an
appropriate feature selection method depends on factors such as the nature of the data, the
learning algorithm, and the specific objectives of the analysis or model (P. Ghosh et al., 2021a).
Feature selection is a critical aspect of the model-building process, influencing the model's
performance, efficiency, and interpretability. In essence, the goal is to identify and retain a
subset of features that significantly contribute to the predictive power of the model while
eliminating irrelevant or redundant variables. The need for feature selection arises from the
curse of dimensionality, where an excessive number of features relative to the number of
observations can lead to increased computational complexity, decreased model
interpretability, and a higher risk of overfitting. There are three main categories of supervised
feature selection methods: filter methods, wrapper methods, and embedded methods (Sun et
al., 2019a).
3.1 Supervised Feature Selection Techniques

3.1.1 Filter Methods:

These methods assess the relevance of features independent of any specific machine
learning algorithm. Common techniques include statistical tests, correlation analysis, and
information gain. Features are ranked or scored based on their individual characteristics, and
a threshold is applied to select the most informative ones (Kang et al., 2019a).
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3.1.2 Wrapper Methods:

Unlike filter methods, wrapper methods incorporate the performance of the machine
learning model during the feature selection process. They involve repeatedly training and
evaluating the model with different subsets of features to identify the optimal set. Examples
include forward selection, backward elimination, and recursive feature elimination (RFE) (M.

Ghosh et al., 2020a).
/W rapper Feature\
Selector

Complete Optimal
feature set feature set
S g T Feature —| aoh r--=+ Classification model
o " J{ Bubset Classification S/ . R

Si:R" performance

[Classiﬁcation model

Figure 5. Feature Selection Methods: Wrapper Method

3.1.3 Embedded Methods:

These methods integrate feature selection into the model training process itself. Certain
machine learning algorithms, such as decision trees and regularization-based models like
LASSO (Least Absolute Shrinkage and Selection Operator), inherently perform feature
selection as part of their optimization process. This integration often results in more efficient
models by directly penalizing or pruning less informative features (H. Liu et al., 2019)
(Almugren & Alshamlan, 2019).

The benefits of effective feature selection are multifaceted. It not only reduces the
computational burden by working with a subset of relevant features but also improves model
generalization to new, unseen data. Additionally, a concise set of features enhances model
interpretability, allowing stakeholders to better understand the driving factors behind
predictions. However, the choice of a specific feature selection method depends on various
factors, including the nature of the data (categorical, numerical, or mixed), the characteristics
of the features (linearly correlated or nonlinear), the size of the dataset, and the specific goals
of the analysis. Striking a balance between model simplicity and predictive accuracy is
essential, and practitioners often iterate through different feature selection techniques to
optimize their models for a given task (H. Liu et al., 2019).
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Figure 6. Feature Selection Methods: Embedded Method
3.2 Unsupervised Feature Selection Techniques

These are techniques where you're using an algorithm to find patterns and similarities in
data without explicit instructions. In other words, without telling the algorithm what’s good
and what’s not, i.e., features are selected without reference to a target variable (Solorio-
Fernandez et al., 2020).

Without requiring labeled data, the techniques let you investigate and identify significant
features in the data. It's like giving the computer a puzzle and letting it figure out connections
on its own with these machine learning feature selection algorithms. Without your assistance,
they will arrange data and find patterns. But we'll discuss three unsupervised feature selection
methods for machine learning in this article (Solorio-Ferndndez et al., 2020).

3.2.1 Principal Component Analysis (PCA)

PCA is a technique for deciphering and organizing data. It assists us in identifying the key
components of the data. Consider that you have a large, intricate picture. PCA assists us in
determining the primary forms or colors that are most noticeable. It's similar to identifying the
main components that sum up the scene without getting bogged down in the minutiae (Haq
etal., 2021).

3.2.2 Independent Component Analysis (ICA)

ICA is a feature selection strategy that aids in our comprehension of how various elements
come together. Picture yourself holding a box full of disparate noises, such as music playing,
people conversing, and cars honking. ICA will assist us in distinguishing between those
sounds and identifying each sound on its own. In order to comprehend what each person,
thing, or voice is saying or performing, it's similar to paying close attention and differentiating
between the voices or instruments in a crowded area (Tharwat, 2021).

3.2.3 Non-negative Matrix Factorization (NMF)

Using the NMF approach, we may decompose large numbers into smaller positive
numbers. For example, let's say you have a large number that represents an entire picture, and
you want to know what components make up that picture. NMF assists us in identifying tiny
positive numbers that, when added together, reproduce the larger number or image. It's
similar to disassembling a puzzleand learning how the tiny partsfit together to formthe larger
image (A. Yuanetal., 2022).
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4. Gene Expression

Gene expression is a fundamental process in molecular biology that describes how
information encoded in a gene is utilized to synthesize functional gene products, primarily
proteins. This intricate process involves the transcription of a gene's DNA sequence into a
complementary RN A molecule, known as messenger RNA (mRNA), in a cellular structure
called the nucleus. The synthesis of mRNA is mediated by RN A polymerase, which reads the
DNA template and assembles the corresponding RN A sequence. Following transcription, the
mRNA exits the nucleus and enters the cytoplasm, where it serves as a template for protein
synthesis during translation (Pinal-Fernandez et al., 2020).

Gene expression is a tightly regulated and highly dynamic process that allows cells to
respond to environmental cues, developmental signals, and various physiological demands.
The regulation occurs at multiple levels, including transcriptional, post-transcriptional,
translational, and post-translational mechanisms. Transcriptional regulation involves the
control of RNA polymerase activity and the accessibility of the DNA template through the
binding of transcription factors to specific regulatory regions (Seal et al., 2020a).

Moreover, post-transcriptional processes, such as alternative splicing and RNA
modification, contribute to the diversity of mRNA isoforms and impact the final protein
product. Translation, the subsequent step, involves the conversion of mRNA into a functional
protein with the help of ribosomes and transfer RNA (tRNA). Finally, post-translational
modifications, such as phosphorylation, acetylation, and glycosylation, play a crucial role in
modulating protein function, stability, and localization (Khalifa et al., 2020a).

Dysregulation of gene expression can lead to various diseases, including cancer,
neurodegenerative disorders, and metabolic conditions. Researchers aim to decipher the
complexities of gene expression to better understand cellular functions, disease mechanisms,
and potential therapeutic targets. Advanced technologies, such as RNA sequencing and
CRISPR-Cas9 gene editing, have significantly contributed to our ability to study and
manipulate gene expression, opening new avenues for precision medicine and
biotechnological advancements. In summary, gene expression is a central and dynamic
process essential for the proper functioning and adaptation of cells in diverse biological
contexts (Abdulgader et al., 2020).

Gene selection, also known as feature selection in the context of machine learning and
bioinformatics, is a crucial step in the analysis of high-dimensional biological data, particularly
in the field of genomics. Genes are segments of DNA thatencode information for the synthesis
of proteins and play a fundamental role in determining an organism's traits and functions.
However, not all genes are relevant or contribute significantly to a specific biological process
or disease (Almugren & Alshamlan, 2019).

The objective of gene selection is to identify a subset of genes from the vast pool of available
genes thatare most informative for a particular task, such asclassifying different disease states
or understanding the underlying mechanisms of a biological phenomenon. This process is
essential for reducing the dimensionality of data and improving the efficiency and
interpretability of subsequent analyses (Kegerreis et al., 2019).

Several methods are employed for gene selection, ranging from statistical techniques to
machine learning algorithms. Statistical approaches often involve measures such as t-tests,
ANOVA, or correlation coefficients to assess the significance of individual genes in relation to
a specific outcome. Machine learning-based methods, on the other hand, leverage algorithms
like decision trees, support vector machines, or feature importance scores from models like
random forests (Maniruzzamanet al., 2019).
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Gene selection has wide-rangingapplications, including theidentification of biomarkers for
diseases, understanding the genetic basis of complex traits, and improving the accuracy of
predictive models. The significance of gene selection becomes particularly evidentin scenarios
where the number of features (genes) is much larger than the number of samples, a common
challenge in genomics data (F. Yuan et al., 2020).

In summary, gene selection is a critical step in the analysis of genomic data, playing a
pivotal role in enhancing the understanding of biological processes, identifying potential
therapeutic targets, and facilitating the development of more accurate diagnostic and
predictive models in the realm of personalized medicine (Hossain et al., 2019).

5. Literature Survey

The authors in (Mohammed & Abdulazeez, 2017) proposed a Mahalanobis distance,
Partition around medoids (PAM) algorithm, Weighted features of Microarray expression
datasets, Dunn's validity index, and Weighted Normalised Mahalanobis distance techniques,
with Microarray datasets were used in the study to obtain the results as Optimal cluster
solution for Hypoxia dataset when k=3, Dunn's index value of 0.0783 for both Hypoxia and
ATMs datasets, improved cluster quality with proposed algorithm using Weighted and
Normalized Mahalanobis distance, highest Dunn's index value for ATMs dataset when k=2,
enhanced performance of PAM algorithm with proposed distance on ATMs dataset, therefore,
identification of relevant gene patterns in microarray data, proposal of an enhanced PAM
algorithm based on weighted Normalised Mahalanobis distance, improvement of cluster
quality in microarray expression data using the proposed algorithm.

While authors in (Zeebaree et al., 2018) proposed a Multilayered CNN (Convolutional
Neural Network) algorithm, Deep learning algorithm with integration of strongly linked
cancer datasets, and detection of latent characteristics of cancer from comparable types
through in ten cancer datasets are used in the study. However, they attained an ANOVA
analysis showed statistical significant difference between the three methods. Proposed CNN
had a mean classification accuracy of 94.74, best accuracy performance of proposed CNN was
100, mSVM-RFE-IRF had a mean classification accuracy of 85.82, best accuracy performance
of mSVM-RFE-IRF was 95.55, varSelRF had a mean classification accuracy of 79.58, best
accuracy performance of varSelRFwas 93.07, proposed CNN had the highest accuracy in Brain
dataset (92.14), proposed CNN had the highest accuracy in Breast3 dataset (92.90), proposed
CNN had the highest accuracy in Leukemia dataset (95.69), and proposed CNN had the
highest accuracy in Lymphoma dataset (100.00). Proposed CNN scored higher accuracies
compared to other methods in cancer datasets, K-NN classifier performed better than random
forest in accurate classification, Random Survival Forest strategy for selecting informative
genes, PSOC4.5 hybrid used for classifying informative genes with superior accuracy.

The author in (H. Al-Baity & Al-Mutlaqg, 2021) suggested a novel, enhanced technique for
choosing wrapper genes, called simulated annealing (SA), which draws inspiration from
nature and aids in identifying the most informative genes for breast cancer prognosis. The
decision tree, random forest, and SVM were the three supervised machine-learningalgorithms
that were utilized to develop the classifier models that will aid in breast cancer prediction.
Three datasets gene expression (GE), deoxyribonucleic acid (DNA) methylation and a mixture
of the two were used in two distinct research. The outcomes showed that, this method
performed better than traditional classifiers. SA-SVM has produced high accuracy values of
99.77%,99.45%, and 99.45% for the combined dataset, GE, and DN A methylation, respectively.
The suggested method's execution time was much shortened, the SA-SVM achieved the best
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execution time which is 0.02, 0.03, and 0.02 on the GE, DNA methylation, and combined
datasets.

On the other hand, authors in (Kang et al., 2019b) suggested a novel approach to tumor
categorization called relaxed Lasso-GenSVM (rL-GenSVM). The tumor dataset is first
standardized using z-score and split into training and test sets. Second, on the training set
relaxed Lasso chooses feature genes. GenSVM functions as the classifier in the process of
determining the ideal parameters using a 10-fold cross-validation grid search on the training
set. The outcomes of the experiment demonstrate that the suggested approach choose fewer
feature genes while achieving a greater classification accuracy. However, Regularization
parameters are used by (rL-GenSVM) to prevent overfitting, and it is generally applicable to
the classification of high-dimensional and small-sample tumor data.

While authors in (Khan et al., 2019) proposed a two-stage gene selection strategy that finds
the most discriminative genes. In the first step, genes that clearly classify the maximum
number of samples into each class using a greedy method are chosen. There are a specific
number of clusters made up of the remaining genes. The lasso approach is used to choose the
most informative genes from each cluster, which are then integrated with the genes chosen in
the first step. In order to accomplish this, two classifiers the random forest and support vector
machine thatareapplied to datasets containing specific genes and training samples. The result
show that when compared to other techniques, the GClust method has better results and has
the highest accuracy.

Then in (Khorshid & Abdulazeez, 2021) the authors are proposed a machine learning
algorithms like K-NN, Computer-Aided Diagnosis (CAD), Artificial Neural Network (ANN),
Support Vector Machine (SVM), and Principal Component Analysis (PCA) in own study with
used a Mammograms from the Automated Mammography Screening Database (DDSM),
breast mammograms from Mini MIAS (Mammographic Image Processing Society), Wisconsin
Breast Cancer Diagnosis (WDBC) data set from UCI machine learning repository datasets to
get the results as SVM has the highestaccuracy of 98 % in image processing techniques, LR and
LDA have accuracies of 97.23% and 95.73% respectively, K-NN technique achieved the best
results compared to NB and CART, SVM has the highest accuracy of 97.07% among 8 ML
algorithms, ANNSs have achieved the best accuracy, precision, and F1 score, SVM and RF
Classifier are the best predictive analyzes with anaccuracy of 96.5%, ANN and CNN have the
highest accuracies of 99.3% and 97.3 % respectively, SVM cubic classifier has an accuracy of
92.3%, SVM has an accuracy of 96% and K-NN has an accuracy of 100% in breast cancer
detection. Machine learning and mechanistic modeling for prediction of metastatic relapse in
early-stage breast cancer, classification of normal and abnormal patterns in digital
mammograms for diagnosis of breast cancer, also breast cancer detection using automated
whole breast ultrasound, and pectoral muscle segmentation for cancer detection and
diagnosis.

Moreover, the authors in (Cho et al., 2022) proposed the development of a bio-signature of
immunotherapy based responses using gene expression data. ML algorithms, such as random
forests, deep neural networks (DNN), support vector machines (SVM), along with boosting
and feature selection techniques, are effective in classifying immune phenotypes of BC with
gene expressions and identifying associations between specific gene expressions and the
phenotypes. In order to identify gene expression features useful for immune phenotype
classification, the results show that DNN yielded the highest area under the curve (AUC) with
precision and recall (PR) curves and receiver operating characteristic (ROC) curves for each
phenotype (0.711+0.092 and 0.86 +0.039, respectively).
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Inanotherhand, (Singh etal., 2020) authors suggested the feature selection network (FsNet),
a DNN-based, nonlinear feature selection technique for high-dimensional, sparse sample data.
FsNet is made up of two specific layers, a reconstruction layer that stabilizes the training and
a selection layer that chooses features. Since overfitting can easily occur when there are too
many parametersin the selection and reconstruction layers for a small number of samples. The
result show that for a high-dimensional data, FsNet can achieve superior performance with a
significantly smaller number of parameters.

However, the FSDNE algorithm, which use neighborhood rough sets and neighborhood
entropy-based uncertainty measures, is a unique feature selection method that the author
proposed in (Sun et al., 2019b). It uses the KNN, C4.5, and SVM classifiers for gene selection
and classification for cancer classification. In high-dimensional gene expression datasets, it
enhances classification performance by fusing the neighborhood rough sets with the Fisher
score. The FSDNE algorithm produced the highest average classification accuracy of 84 % using
the KNN, followed by C4.5 and SVM classifiers with lower accuracy. The results demonstrate
that the proposed method outperforms other related methods in terms of the number of
selected genes and classification accuracy.

Where in (Wu & Hicks, 2021) authors proposed the use of gene expression data to classify
breast cancer using machine learning algorithms. The effectiveness of machine learning
algorithms in utilizing gene expression data to classify breast cancer into non-triple-negative
and triple-negative subtypes. The algorithm that performed the best was the support vector
machine (SVM), which had 90% accuracy, 87% recall, and 90% specificity. After evaluating
four distinct classification models, they discovered that the SVM algorithm outperformed
other ML algorithms in terms of accuracy, having higher sensitivity, specificity, and fewer
misclassification errors.

Then researchers in (Zhang et al., 2021) proposed a fusion feature selection framework
attributed to an ensemble method called Fisher score and Gradient Boosting Decision Tree
(FS-GBDT), in order to choose reliable and significant feature genes in high-dimensional gene
expression datasets by using machine learning algorithm. To investigate the key feature genes
subset of cancer, a collaborative analysis of 11 human cancer types was carried out. In order to
confirm the effectiveness of FS-GBDT, a Support Vector Machine (SVM) classifier was used to
compare it with four other popular feature selection algorithms. The FS-BDT algorithm using
SVM outperforms the other four methods and achieves the highest indicators.

While in (M. Ghosh et al., 2020b) researchers suggested using a wrapper-filter combination
of ACO. The practice to construct embedded systems by combining a filter approach with a
wrapper method, where the computational complexity is reduced by performing a subset
evaluation via a filter method as opposed to a wrapper method. The suggested technique has
been tested with K-nearest neighbours and multi-layer perceptron classifiers on a variety of
real-world datasets from the UCI Machine Learning repository and the NIPS2003 FS challenge.
The results are contrasted with a few well-known FS techniques. The comparison of the
findings demonstrates unequivocally that method performs better than the majority of the
cutting-edge FS algorithms.

Moreover, the authors in (Tabl et al., 2019b) developed a hierarchical machine learning
system that forecasts patients who received a certain therapys 5-year survival. They used
machine learning algorithms like Bayesians Naive Bayes, SVM, and Random Forest at each
node, the model classifies one class against the others, resulting in the creation of five nodes in
the tree-based model. The model uses a hierarchicalmodel asa tree that comprises one-versus-
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rest classifications, and the findings demonstrate that the model can identify the classes with
high-performance measurements and very high accuracy levels.

While in (Khalifa et al., 2020b), Authors suggested a novel optimized deep learning method
to classify different forms of cancer based on tumor RN A sequence (RN A-Seq) gene expression
data. The method is based on binary particle swarm optimization with decision tree (BPSO-
DT) and convolutional neural network (CNN). The three stages of the suggested strategy are
as follows. Pre-processing is the initial step, wherein the high-dimensional RN A-seqis first
optimized using BPSO-DT to choose only the most important features, and the optimized
RNA-seqis subsequently converted to2D pictures. The second stage, known asaugmentation,
makes the 2086 sample original dataset five times larger. This stage trains the model to attain
higher accuracy. Deep CNN architecture represents the third stage, during this stage, a two-
main convolutional layer architecture is used to extract features and categorize the five
different forms of cancer. Recall, precision, and F1 score, among other performance indicators,
indicate that the suggested strategy produced an overall testing accuracy of 96.90%.

However, in another paper they presented a BukaGini algorithm like in (Bouke et al., 2023),
that an innovative and reliable method that takes advantage of the Gini impurity index for
feature interaction analysis. The suggested technique successfully captures both linear and
nonlinear feature interactions by taking advantage of the special qualities of the BukaGini
index, giving the underlying data a richer and more thorough representation. The
experimental findings show that the BukaGini algorithm routinely achieves higher accuracy
than conventional Gini index-based techniques, the BukaGini algorithm exhibits
improvements ranging from 0.32% to 2.50% in all examined datasets, demonstrating its
efficacy in managing a wide range of data types and problem domains.

Then in (Kurniabudi et al., 2020) the authors proposed using important and significant
elements of massive network traffic to reduce the execution time and increase the accuracy of
traffic anomaly identification. The most popular feature selection method in intrusion
detection system (IDS) research is information gain. Using the CICIDS-2017 dataset, they
conduct trials using the Random Forest, Bayes Net, Random Tree, Naive Bayes and J48
classification methods. The experiment's findings demonstrate thatimprovementsin detection
accuracy and execution time are highly correlated with the quantity of pertinent and
noteworthy features that Information Gain produces, however, with 22 relevant selected
features, the Random Forest algorithm achieves the best accuracy of 99.86 %, while the J48
classifier method employs 52 relevant selected features but requires a longer execution time to
get an accuracy of 99.87%.

Moreover, the scientists in (P. Ghosh et al.,, 2021b) presented a model that effectively
predicts cardiac disease by combining various techniques. The Relief and Least Absolute
Shrinkage and Selection Operator (LASSO) approaches are used to choose appropriate
features. By combining the traditional classifiers with bagging and boosting techniques, which
are applied during training, new hybrid classifiers are created, such as Decision Tree Bagging
Method (DTBM), Random Forest Bagging Method (RFBM), K-Nearest Neighbors Bagging
Method (KNNBM), AdaBoost Boosting Method (ABBM) and Gradient Boosting Boosting
Method (GBBM). To facilitate comparisons, the outcomes are displayed individually. The
suggested model yielded the best accuracy (99.05%) when employing the RFBM and Relief
feature selection techniques.

On the other hand, a new virus has emerged called COVID-19, that needs a new algorithm
to detect it, the authors in (Shaban et al., 2020b) suggested an algorithm called COVID-19
Patients Detection Strategy (CPDS). There are two main contributions that comprise the
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originality of CPDS. The first is a new hybrid feature selection methodology called HFSM,
which chooses the important characteristics for the subsequent detection phase. The second
addition is an improved K-Nearest Neighbor (EKNN) classifier, which adds reliable heuristics
to select theneighbors of the tested item. Consequently, EKNN, using those important features
chosen by the HFSM approach, can precisely identify infected patients with the least amount
of time penalty. The suggested detection strategy beats more contemporary methods since it
introduces the greatest accuracy rate, according to the experimental data.

Furthermore, theauthorsin (Xia et al.,2021), presented an algorithm that used a supervised
method based on a Random Forest that is quick and repeatable. in order to identify significant
features from three microarray datasets from prenatal nicotine, alcohol, and nicotine and
alcohol exposure groups in two different cell types. This method of reducing the
dimensionality of incredibly huge microarray datasets proved computationally efficient.
Subsequently, the outcomes demonstrated that utilizing the highest 20% of characteristics was
adequate to validate the genetic pathways thathad been previously discovered while utilizing
every feature in the model.

However, the authors in (Seal et al., 2020b), created a deep learning-based predictive model
that can quantitatively capture the relationship between directionality of gene expression for
liver hepatocellular carcinoma (LIHC) and genetic and epigenetic changes, by using Deep
Denoising Auto-encoder (DDAE) and Multi-layer Perceptron (MLP). The machine learning
algorithm that has been trained to identify important characteristics from the input omics data
and estimate gene expression uses the DDAE. The findings demonstrate that a deep learning-
based integration model has been assessed for its capacity to classify diseases, with a 95.1%
accuracy rate.

While a classification technique was proposed by researchers in (Mallick et al., 2023), to
comprehend the convergence of deep neural network (DNN) training. Since the network is
over-parameterized and the inputs do not degenerate, the assumptions are made. Also, there
are a sufficient number of hidden neurons. The authors of this work classified the gene
expression data using DNN. Seventy-two leukemia patients' bone marrow expressions are
included in the dataset used in this analysis. The classification of acute lymphocyte (ALL) and
acute myelocytic (AML) samples is accomplished by a five-layer DNN classifier. 80% of the
data is used to train the network, and the remaining 20% is used for validation. The result
show that 98.2% accuracy, 96.59% sensitivity, and 97.9% specificity for two kinds of leukemia
are classified.

Furthermore, authors set out to design a deep feedforward algorithm, in order to classify
the provided microarray cancer data into a set of classifications for future diagnosis purposes
like in (Basavegowda & Dagnew, 2020). For every dataset they have employed a seven-layer
deep neural network design with different settings. Eight commonly used microarray cancer
datasets are used to validate the suggested strategy, which involves scaling the feature values
using the Min-Max method. On four datasets Leukemia, Lung-Michigan, Ovarian, and
Prostate the classification accuracyis1.00, indicating faultless classification performance, With
0.99 accuracy on Lung-Harvard?2, 0.96 accuracy on CNSand colon, and 0.95 accuracy on breast
cancer.

However, in (Zulfiqar et al., 2022) the author suggested building a strong deep learning
model to identify Geobacter pickeringiis 4mC sites. The predicted model encoded the DNA
sequences of Geobacter pickeringii using two types of feature descriptors, the binary and k-
mer composition. Correlation and an incremental feature selection (IFS) approach combined
with a gradient-boosting decision tree (GBDT)-based algorithm were used to improve the
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merged features. Subsequently, the refined characteristics were introduced into a 1D
convolutional neural network (CNN) with the purpose of distinguishing 4mC sites in
Geobacter pickeringii from non-4mC sites. The predicted model performed an accuracy of
0.868.

While, the authorsin (Saxena et al., 2022) proposed a novel approach by used Symmetric
uncertainty, Principal Component Analysis, Mean imputation, K-nearest neighbour, Random
forest, Decision trees, and Neural network methods to obtained of Decision trees accuracy
about 76.07, Random forest accuracy (79.8), Multilayer perceptron accuracy (77.60), and K-
nearest neighbour accuracy is (78.58).

Also, in (Mahendran & P M, 2022) the authors are suggested a approach to used
preprocessing techniques were used to improve classification ability, quality control,
normalization, and downstream analysis were performed on DNA methylation data by
Random forest, LASSO, SVM embedded feature selection through DN A methylation data was
used for the analysis and get the results about quality control eliminated poorly performing
samples with p-values of 0.01, data was normalized using log?2 transformation and Z-scores,
differentially methylated positions (DMPs) were determined using a fold change (FC) of 2 and
p-value of 0.01, ada Boost selected CpG sites with the highest accuracy of 87 %, and 12 CpG
sites were selected by Ada Boost during the 3rd fold.

However, the authors in (Alhenawi et al., 2022) proposed an ensemble FS methods
(Homogeneous and Heterogeneous), combination processes (union, intersection, voting), and
thresholding processes (static thresholds, complexity measures) through using a Hybrid FSM,
Wrapper-based FSM, Filter FS, and Parallel FS methods with attained the results of DFS
provides a successful rate that equals 57 and 18 improvement rate compared to traditional
methods, the proposed method provides an average accuracy above 90% using SVM, KNN,
and C4.5 classifiers, the proposed method provides an average accuracy that equals 92%, and
the proposed S model (EU) gives 100% accuracy over 3 out of 5 datasets, it contribute is hybrid
approach aims to improve classification accuracy without affecting computation time.

While, the authors in (Kishore et al., 2023) used the methods include SMOTE and SMOTE
followed by random undersampling for class imbalance, three pipelines of hybrid feature
selection techniques: mRMR followed by CFS, mRMR, mutual information followed by CFS,
and mRMR followed by SVM-RFE. Class balancing using SMOTE and random
undersampling, CNN modelfor class balancing using SMOTE, DNN model for overall macro-
average AUC score with using TCGA, METABRIC datasets to predict of IDC breast cancer,
then obtained the results as accuracy measure and Cohen Kappa score were used for multi-
class classification, The AutoKeras generated model exhibited the highest accuracy post
SMOTE and post SMOTE and random undersampling.

Finaly, in (Biswas et al., 2023) the authors are suggested to building a potential machine
learning model to predict heart disease by using Linear regression (LR), Decision tree (DT),
Naive Bayes (NB), Random forest (RF), Support vector machine (SVM), K-nearest neighbour
(KNN), and Artificial neural network (ANN), it gets the results from its analysis by using a
processed dataset for feature selection and classification tasks, and obtained the results of
highest accuracy (94.51) achieved by C4 for SF3, C1 had the second highest accuracy (93.41)
for all three SFs, C2 had poor accuracy (75.82) for SF3, C4 had low accuracy (78.02 and 76.92)
for SF1 and SF2, other algorithmshad accuracy between 84.61and 92.31, best algorithm for the
dataset is C4 for SF3.
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Table 1. Main Characteristics of Surveyed Studies
Ref. Year  Dataset Techniques Result & Contribution
Accuracy
(Mohammed & 2017 Microarray, - Mahalanobis - Optimal Identification of
Abdulazeez, Hypoxia distance, cluster solution  relevant gene
2017) Partition for Hypoxia patterns in
around dataset when microarray
medoids k=3, Dunn's data, Proposal
(PAM) index valueof  of an enhanced
0.0783 for both PAM algorithm
Hypoxia and based on
ATMs datasets, weighted
Improved Normalised
cluster quality Mahalanobis
with proposed distance,
algorithmusing  Improvement
Weighted and of cluster
Normalized quality in
Mahalanobis microarray
distance, expression data
Highest Dunn's using the
index value for proposed
ATMs dataset algorithm.
when k=2,
Enhanced

performance of
PAM algorithm

with proposed
distance on

ATMs dataset
(Zeebareeet 2018 TenCancer Multilayered  Proposed CNN  Proposed CNN
al., 2018) Datasets CNN had a mean scored higher
(Convolutional  classification accuracies
Neural accuracy of compared to
Network) 94.74, Best other methods
algorithm, accuracy in cancer
Deep learning  performanceof datasets, k-NN
algorithm proposed CNN classifier
was 100, performed
mSVM-RFE-IRF better than
had a mean random forest
classification in accurate
accuracy of classification,
85.82, Best Random
accuracy Survival Forest
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Ref. Year  Dataset Techniques Result & Contribution
Accuracy
performance of strategy for
mSVM-RFE-IRF selecting
was 95.55 informative
genes, PSOC4.5
hybrid used for
classifying
informative
genes with
superior
accuracy.
(H. Al-Baity & 2020 GE,DNA SVM The SVM The algorithm
Al-Mutlagq, DT achieved the can decrease
2021) RF lowest the possibility
execution time  of mistakes and
of 0.02sand the  speed up the
highest accuracy examination of
99.77% on the medical data.
GE dataset.
(Kangetal.,, 2019 MLL, SVM The Have a high
2019b) Lymphoma, classification precision and
Brain, accuracy is stops
TOX 171, improved, on overfitting
CNS, the DLBCL, selecting
DLBCL, CNS, Lung, flexible kernels
Lung Ovarian, for nonlinearity
Lymphoma, and strong
MLL datasets, it ~ generalization
achieves 100%, skills
while on the
Brain it 96 %,
and on TOX_171
is 81.38 %
(Khanetal.,, 2019 Leukemia SVM Theaccuracyof  Thealgorithm
2019) RF the proposed has a better
method is results and
0.9980, it is highest
higher than accuracy
other methods. compared to
other methods
(Khorshid & 2021 DDSM, K-NN, ANN, SVM has the Machine
Abdulazeez, MIAS, SVM - Logistic highestaccuracy = learningand
2021) WDBC Regression of 98% inimage  mechanistic
(LR), RF, NB processing modeling for
classifier, SL techniques, LR prediction of
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strategies, and LDA have metastatic
SVM and K- accuraciesof  relapsein early-
NN 97.23% and stage breast
95.73% cancer,
respectively, K-  Classification of
NN technique normal and
achieved the abnormal
best results patternsin
compared to NB digital
and CART,SVM  mammograms
has the highest  for diagnosis of
accuracy of breast cancer,
97.07% among8  Breast cancer
ML algorithms, detection using
ANNSs have automated
achieved the whole breast
best accuracy, ultrasound,
precision, and  Pectoral muscle
F1 score, SVM segmentation
and RF for cancer
Classifier are the  detection and
best predictive diagnosis.
analyzes with
an accuracy of
96.5%, ANN
and CNN have
the highest
accuracies of
99.3% and 97.3%
respectively,
SVM cubic
classifier has an
accuracy of
92.3%,SVM has
an accuracy of
96% and K-NN
has an accuracy
of 100% in
breast cancer
detection.
(Choetal., 2022 Bladder SVM Theresult show  Enhanced the
2022) cancer RF that DNN accuracy by
DNN models yielded using ML
more significant
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precision and classification
AUCs than SVM algorithm
models, despite
SVM marginally
superior test
accuracy and
MCC.
(Singhetal.,, 2020 ALLAML, DNN FsNet achieve  Provide a high-
2020) CLLSUB, high accuracy dimensional
GL], with a data with small
GLIOMA significantly number of
Prostate- smaller number samples
GE, of parameters
SMK-CAN
(Sunetal.,, 2019 Brain- KNN FSDNE Enhance the
2019b) tumor, C4.5 algorithm neighborhood
Colon, SVM produced the decision
Prostate, highest average systems
Lung, classification capacity for
Leukemia, accuracy of 84%  classification
DLBCL, using the KNN, and decision-
SRBCT, 9- then C4.5 and making
Tumor SVM classifiers
less accuracy.
(Wu & Hicks, 2021 Breast SVM SVM algorithm The SVM
2021) cancer have the best algorithm
performance provide high
with an specificity,
accuracy of 90%, recall, and
arecall of 87%, accuracy in
and a specificity ~ differentiating
of 90% between breast
cancer subtypes
point to its
potential utility
in clinical
settings
(Zhangetal,, 2021 Microarray SVM SVM achieved a framework
2021) gene the highest for feature
expression accuracy of selection that
for many 99.58% can effectively
cancer type extract features
from high-
dimensional
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Accuracy

cancer gene

expression
datasets
(M. Ghoshet 2019 Monk1, WFACOFS WFACOFS Itis focuses on
al., 2020b) Monk2 KNN algorithm has building a
Breast MLP the best multi-objective
Cancer, SVM accuracy for FS algorithm
Wine eight of theten based on ACO,
Horse, datasets to improve the
Ionosphere accuracy and
Soybean- feature
small reduction
Arrhythmia,
Hill-valley,
Madelon
(Tabletal,, 2019 Breast SVM Bayesian Naive  Extendingand
2019b) cancer gene BNB Bayes give the  developing the
RF highestaccuracy idea of guided
learning
(Khalifa etal, 2020 Cancer DT The suggested Offer a high
2020b) CNN method degree of
DL produced a accuracy in
96.90% total classification
testingaccuracy. techniques by
limiting the
number of
characteristics
to the best ones
and eliminating
the unnecessary
ones.
(Bouke etal., 2023  Cancer BukaGini The BukaGini Improves
2023) types based algorithm find feature
on gene important selection based
expression feature on the Gini
interactions index.
across a range of
datasets and
enhancing the
model
performance.
(Kurniabudi 2020  CICIDS- RF The J48 To improve the
etal., 2020) 2017 BN algorithm has efficiency of
RT 99.87% accuracy anomaly/attack
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Accuracy
NB using 52 detection, they
J48 relevant selected  identify the
characteristics  most important
with a longer and pertinent
time, whereas features.
the RF has
accuracy of
99.86 % utilizing
the relevant
selected features
of 22.
(P. Ghosh et 2021 Heart AB The results Provide a
al., 2021b) disease DT show that RFBM reliable
GB performs technique to as
KNN especially well precisely
RF with high anticipate
impact features  cardiac disease
and generates as feasible.
accuracy that is
significantly
greater than
previous work,
using 10
features with
accuracy of
99.05%.
(Shabanetal, 2020 COVID-19 KNN Theaccuracyof = Compared to
2020b) Patients HSFM the suggested current
CPDSwas96%, approaches, the
surpassing that suggested
of other CPDS strategy
contemporary  performs better
techniques. and introduces
the best
detection
accuracy with
the least
amount of time
penalty.
(Xiaetal.,, 2021 Microarray RF Usingonly 20%  The RF method
2021) of the improved the
characteristics in accuracy
the incredibly
vast microarray
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Ref. Year  Dataset Techniques Result & Contribution

Accuracy

datasets, the
method
decreased their
dimensionality
and confirmed
the genetic
pathways.
(Sealetal.,, 2020 DNA DL Witha 95.1% It can classify
2020b) methylation classification diseases type
CNV accuracy, the by using ML
features that the algorithm also
DDAE extracted improved the

have accuracy
demonstrated
good
classification
ability.
(Mallick etal, 2020 Microarray DL The DNN The classifying
2023) data DNN classifier the leukemia
expressions outperforms data ismade
of 72 accuracy about simpler and
leukemia 98%. more accurate
patients by the deep
learning
technique and
automated
analysis of
microarray data
(Basavegowda 2019 CNS, Colon, DNN Leukemia, Increase the
& Dagnew, Prostate, Lung-Michigan, binary datasets
2020) Leukaemia, Ovarian, and classification
Ovarian, Prostate the accuracy
Lung- classification
Harvard?2, accuracy is 1.00,
Lung- with 0.99
Michigan, accuracy on
Breast Lung-Harvard2,
cancers 0.96 accuracy on
CNS and colon,
and 0.95
accuracy on
breast cancer.
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Ref. Year  Dataset Techniques Result & Contribution
Accuracy
(Zulfiqaret 2022 DNA CNN The predicted Increase the
al., 2022) DT model performance of
performed an the predicted
accuracy of model using
0.868 ML
(Saxenaetal.,, 2022 Microarray PCA, K-NN, Decision trees Feature
2022) Random accuracy about  selection was
Forest, 76.07, Random done using
Decision trees,  forest accuracy correlation
Neural (79.8), attribute,
network Multilayer information
perceptron gain, and
accuracy (77.60), principal
and K-nearest component
neighbour analysis
accuracy is methods. The
(78.58). number of
features
selected for
classification
was six.
Parameters
were optimized
for the
classification
model.
(Mahendran 2022 DNA Random Quality control The paper
& P M, 2022) methylation forest, LASSO, eliminated discusses the
SVM, Logistic poorly use of machine
regression performing learning, deep
(LR) samples with p-  learning, and
values of 0.01, advanced
Data was statistical and
normalized mathematical
using log2 algorithms. The
transformation  paper suggests
and Z-scores, that early
Differentially  identification of
methylated AD is crucial
positions for the
(DMPs) were  development of
determined acure.
using a fold
change (FC) of 2
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Contribution

Ref. Year  Dataset Techniques Result &

Accuracy

and p-value of
0.01, Ada Boost
selected CpG
sites with the
highest accuracy
of 87%,12 CpG
sites were
selected by Ada
Boost during the
3rd fold.

DFS provides a
successful rate
that equals 57

and 18
improvement
rate compared
to traditional
methods, The
proposed
method
provides an
average
accuracy above
90% using SVM,
KNN, and C4.5
classifiers, The
proposed
method
provides an
average
accuracy that

Hybrid FSM,
Wrapper-
based FSM,,
Filter FS,
Parallel FS

methods

(Alhenawiet 2022 Microarray

al., 2022)

Hybrid
approach aims
to improve
classification
accuracy
without
affecting
computation
time.

equals 92%, The

proposed S
model (EU)
gives 100%

accuracy over 3

outof 5
datasets.
Accuracy

TCGA, mRMR, CFS,
measure and

2023
METABRIC MI, SVM-RFE

(Kishore et
al., 2023)

Cohen Kappa
score were used
for multi-class
classification,

machine
learning
algorithms
have been
developed to
prognosticate
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Ref. Year  Dataset Techniques Result & Contribution
Accuracy
The AutoKeras  thestage and
generated classification of
model exhibited cancer;
the highest however, there
accuracy post hasbeen a
SMOTE and dearth of
post SMOTE endeavors to
and random preprocess the
undersampling. gene expression
The CNN model  data, employ
showed the deep learning
highest CKSin = methodologies,
both class and ascertain
balancing the stage of
techniques. cancer with
utmost
precision.
(Biswas etal.,, 2023 Heart LR, DT, NB, Highest K.A.and
2023) disease RF, SVM, accuracy (94.51) M.AM.
KNN, achieved by C4  provided the
Artificial for SF3, C1 had idea and
neural the second designed the
network highest accuracy experiments, all
(ANN) (93.41) for all authors
three SFs, C2 discussed the
had poor results and
accuracy (75.82)  contributed to
for SF3,C4had the manuscript.

low accuracy
(78.02 and 76.92)
for SF1 and SF2,
Other
algorithms had
accuracy
between 84.61
and 92.31, Best
algorithm for
the dataset is C4
for SF3.

6. Discussion

A comparison of the publications that use machine learning for feature selection in gene
selection analysis is presents in the above table. The best way for finding highest dataset
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accuracy is use machine learning algorithms for feature selection because. All above methods
in the table have been depended on machine learning algorithm to get highest accuracy, like
SVM, RF, CNN, DT, KNN, DL, BN, all of them tried to provide best performance, and at the
least amount of time penalty toclassified the dataset for patients thatis made simpler and easy
way to determine the disease in a short time. In general, the analyzed methods accuracy varies
from one approach to the next. However, compared to the conventional techniques, the
optimization-based feature selection approach that made use of machine learning algorithms
performed better. The methods most used classifier is SVM. Multiple classifiers were
employed in certain papers. Nevertheless, in those papers that employed several classifiers,
the SVM obtained superior accuracy than the others. Additionally, the outperformance shows
that, there are differences in processing times and feature selection techniques play a crucial
part in providing high accuracy and optimal performance when detecting gene expression for
various diseases.

7. Conclusion

The paper provides a comprehensive review of feature selection methods in gene expression
analysis, it categorizes feature selection strategies intofilter, wrapper, and embedded methods.
- Popular feature selection algorithms such as Relief, RFE, and Mutual Information are
discussed. The performance of these methods is evaluated across different datasets and
conditions, emerging trends in feature selection, such as the integration of domain knowledge
and deep learning approaches, are addressed. The paper emphasizes the importance of
developing robust and interpretable feature selection methods, the challenges and future
directions in the field are discussed.
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