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Abstract
Genetic feature discovery is essential for understanding complex diseases and 
traits. This comprehensive review provides an in-depth comparison of differential 
expression analysis methods and statistical hypothesis tests—such as Student’s 
t-test, Chi-square test, analysis of variance, Empirical Bayes methods, and 
Significant Analysis of Microarrays—used in genetic feature marker discovery. Our 
analysis highlights the strengths and weaknesses of these approaches in terms 
of methodologies, applications, performance, and accuracy. While the statistical 
tests provide straightforward interpretation, machine learning techniques provide 
superior capabilities for handling high-dimensional data and complex biological 
interactions. We conducted two mini-experiments: (i) Identification of differentially 
expressed genes, upregulated genes and downregulated genes using statistical tools 
(i.e., Student’s t-test and Welch’s t-test) under different conditions (normalization 
methods and p-value correction strategies) using the GSE31699 dataset from the 
NCBI Gene Expression Omnibus, and (ii) gene set enrichment analysis—covering 
Kyoto Encyclopedia of Genes and Genomes pathways and Gene Ontology terms like 
Biological process, Cellular component and Molecular function—using the GSE30760 
dataset with the DAVID 2021 tool. Furthermore, we discussed the potential of hybrid 
approaches combining statistical tests with machine learning and optimization 
techniques for enhanced feature discovery. Future work will focus on multi-omics data 
integration, the development of explainable AI methods, and scalable algorithms. This 
review aims to serve as a comprehensive guide for researchers involved in genetic 
marker identification, highlighting both statistical and computational perspectives on 
differential expression and gene set enrichment studies.
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1. Introduction
Genetic feature discovery is a crucial step in understanding 
complex diseases and traits. It involves identifying 
important gene variants associated with specific 
phenotypes. The rapid progress in high-throughput 
genomics techniques has led to an exponential growth 
in genomic information, rendering traditional statistical 
methods inadequate for analyzing these vast datasets. 
Consequently, machine learning approaches have emerged 
as powerful tools in genetic feature discovery, offering 
improved performance and accuracy. However, the choice 
between statistical tests and machine learning methods 
remains a subject of debate among researchers. Statistical 
tests—such as t-tests, analysis of variance (ANOVA), 
and Chi-square tests—have been the cornerstone of 
genetic feature discovery for decades. These methods 
provide straightforward interpretation and hypothesis 
testing, making them appealing for identifying significant 
associations between genetic variants and traits. 
Nevertheless, their limitations become apparent when 
dealing with high-dimensional data, complex interactions, 
and multiple testing corrections.

Machine learning approaches, including random 
forests, support vector machines, and neural networks, 
have revolutionized genetic feature discovery by 
handling complex relationships and high-dimensional 
data. These methods excel in identifying patterns and 
interactions that may elude traditional statistical tests. 
However, the “black box” nature of many machine 
learning models often obscures interpretability, 
making it challenging to understand the underlying 
biological mechanisms. The integration of statistical 
tests and machine learning methods has emerged as 
a promising strategy for leveraging the strengths of 
both approaches. Hybrid methods can combine the 
hypothesis-driven framework of statistical tests with the 
pattern-recognition capabilities of machine learning, 
leading to improved feature discovery and biological 
interpretation.

This review aims to provide a comprehensive 
comparison of statistical tests and machine learning 
approaches in genetic feature discovery. We examine the 
methodologies, applications, advantages, limitations, and 
future directions of both paradigms, while highlighting 
the potential of hybrid methods and emerging trends 
in multi-omics integration, explainable AI, and scalable 
algorithms. By bridging the gap between statistical and 
machine learning methods, this review seeks to serve as a 
valuable resource for advancing genetic feature discovery 
and unravelling the complexities of diseases and trait 
etiology.

2. Fundamentals of the central dogma of 
molecular biology and drug discovery
Biomedical research is a magnificent field of science that 
strives to uncover pathways to confining and treating 
diseases that cause morbidity and death in living things. 
This experimental domain covers numerous scientific 
disciplines and relies on rigorous exploration by scientists, 
chemists, and biologists. The discovery of new drugs and 
treatments requires robust scientific testing and thorough 
evaluation. Researchers in this field have the responsibility 
to conduct their work in a beneficent, prudent, and 
proper manner.1 To address difficult biomedical problems, 
researchers use bioinformatics—an interdisciplinary 
field that integrates computational tools for analyzing 
biomedical data.2

Bioinformatics has emerged from the convergence of 
several disciplines, including computer science, biology, 
mathematics, statistics, and others. Alongside related 
fields like computational biology and biochemistry, 
bioinformatics has expanded significantly in recent 
years, driven by the growing need to understand 
complex biological systems. Defining these emerging 
disciplines has posed a challenge to researchers and 
educators alike. Among them, bioinformatics has had a 
particularly profound impact on the medical field. It also 
plays an essential role in areas such as space exploration, 
agriculture, and more. Broadly defined, bioinformatics is 
the integration of computer science, statistics, biology, and 
mathematics to collect, organize, analyze, and interpret 
biological data. This integration enables the development 
of software applications for analyzing DNA sequences, 
proteins, evolutionary genetics, biomolecular interactions, 
and biological networks, as well as managing datasets 
derived from genomic, proteomic, and post-genomic 
studies.3-5

2.1. Central dogma of molecular biology

In molecular biology, the term “central dogma” plays 
a pivotal role in biomarker discovery and hub gene 
selection. It comprises three basic processes: transcription, 
translation, and replication. The process of converting 
DNA (deoxyribonucleic acid) to RNA (ribonucleic acid) is 
termed transcription, whereas the process of transforming 
RNA to protein is called translation (Figure 1). The process 
of duplicating DNA is denoted as DNA replication.

There are different kinds of RNAs, such as messenger 
RNA (mRNA), transfer RNA (tRNA), and ribosomal RNA 
(rRNA). Among these, mRNA plays a major role in the 
detection and prognosis of various diseases and disorders 
like tissue-specific cancer, Alzheimer’s disease, and other 
neurodegenerative diseases.6,7 Aberrant gene expression, 
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whether significantly increased (up-regulation) or 
decreased (down-regulation), can contribute to disease 
pathogenesis in both humans and model organisms. The 
statistical significance of differential gene expression is 
typically assessed using p-values derived from hypothesis 
testing. A p-value represents the probability of observing 
an effect purely by chance.8,9 The magnitude of gene 
expression changes is usually quantified using the fold 
change (FC) method.10,11 There are two kinds of statistical 
hypothesis tests: parametric tests and non-parametric tests. 
Parametric tests (described in Section 2.4.1) are suitable for 
normally distributed data, whereas non-parametric tests 
(described in Section 2.4.2) are more appropriate when the 
assumption of normality is violated.12,13

2.2. Pre-test analysis

Before performing statistical analysis, it is important to 
apply pre-filtering techniques, normalize the data, and 
test for normality. These steps reduce analytical error and 
improve the reliability of results.

2.2.1. Pre-test filtering procedure

High-dimensional datasets typically require several 
statistical tests, which can reduce statistical power and 
inflate error rates if not properly controlled. Various 
filtering methods are utilized to evaluate differential 
gene expression before implementing a formal statistical 
test. A  basic approach is to examine the all-inclusive 
variance of every gene (row-wise) and retain only genes 
with minimal variance. For example, the “genevarfilter” 
function in MATLAB allows users to exclude genes with 
low variance, based on user-defined percentiles (e.g., 5th, 
30th, or 45th  percentile). Genes with low variance may 
yield seemingly significant p-values, despite lacking true 
biological relevance. Pre-filtering such genes can help 

reduce false positives. In the Limma package, a variance-
based filtering approach is integrated into the t-test 
framework to minimize spurious detections, especially 
in studies with small sample sizes.14 Proper filtering is 
beneficial only when the false positive rate is adequately 
controlled. However, improper filtering—especially if not 
aligned with class labels—can adversely affect the control 
of Type I errors.

Consider a data matrix of dimension m×n, where m 
indicates total number of genes and n indicates the number 
of samples. Let the expression data for gene i be denoted 
by Yi = (Yi1,…,Ym)t. If Yi1,…,Ym are independently and 
normally distributed for every i∈H0 (i.e., under the null 
hypothesis), then the test statistics before and after filtering 
are marginally independent. This implies that unadjusted 
p-values remain valid after filtering and applying the 
two-sample t-test. Thus, the un-adjusted p-value will 
be correct after applying two test statistics and filtering. 
When the sample size is bigger, the implementation of 
an experimental null distribution helps ensure accurate 
estimation of conditional effects introduced by filtering.

Indeed, if the null hypothesis is false, the test statistics 
and the filtering criterion are not necessarily independent. 
Filtering enhances detection power only if the test statistic 
and filtering criterion are positively correlated under the 
alternative hypothesis.

FC represents another filtering approach. Tools like 
“volcanoplot1“ integrate FC thresholds with test statistics 
to identify significantly differentially expressed genes. 
Genes with FC values exceeding a lower threshold 
(up-regulated) or below an upper threshold (down-

1	� More information is available online at: http://www.
mathworks.in/help/bioinfo/ref/mavolcanoplot.html

Figure 1. Central dogma of molecular biology. Image created by the authors.

https://dx.doi.org/10.36922/AIH025180036
http://www.mathworks.in/help/bioinfo/ref/mavolcanoplot.html
http://www.mathworks.in/help/bioinfo/ref/mavolcanoplot.html


Artificial Intelligence in Health Genetic feature discovery through differential expression

Volume 3 Issue 1 (2026)	 57� doi: 10.36922/AIH025180036 

regulated) are considered as having passed the filter. The 
Bioconductor package “genefilter2“ provides additional 
tools for implementing pre-filtering strategies.

Another commonly used method involves filtering 
based on intensity variation or the highest within-class 
mean. Consider two classes (i.e., disease vs. control). If the 
dataset follows a normal distribution (Gaussian 
distribution) with known common variance σ2, the within-
class variance for the mean is 2 22 nσ σ=  . Genes for 
which the maximum of the average expression across the 
two groups exceeds a threshold u* (i.e., max{ , }, ,

*Y Y ui ig g1 2 >  
are retained for further analysis.

2.2.2. Data normalization techniques

Once the pre-filtering approach is complete, gene 
expression data must be normalized to bring measurements 
from various scales to a common scale. Gene-wise 
normalization techniques such as zero mean normalization, 
median normalization, and min-max normalization are 
commonly applied.15,16 Other standard techniques include 
statistical column normalization,15 variance stabilizing 
normalization,17,18 and quantile normalization.17,19

2.2.3. Normality tests (NT) in data analysis

Following normalization, it is critical to apply NT20 to 
each gene’s expression data to assess whether the dataset 
conforms to a normal distribution, which may affect the 
accuracy of findings. Confirming normality is important 
for ensuring the assumptions underlying parametric 
statistical tests are met. Several methods are available 
for normality testing,21 including the Jarque-Bera (JB) 
test,22,23 Shapiro-Wilk test,24 Anderson-Darling (AD) test,24 
Kolmogorov–Smirnov (KS) test,24 and Lilliefors test.24 
Based on the results of these tests, parametric tests may be 
used for data that follow a normal distribution, whereas 
non-parametric tests are more appropriate for non-
normally distributed data. For datasets with very small 
sample sizes (e.g., 1–5 samples), statistical testing may not 
be meaningful. In such cases, only FC methods can be 
applied to assess gene expression differences.

The JB test is used to evaluate whether a dataset exhibits 
characteristics of a normal distribution based on skewness 
and kurtosis. Skewness measures asymmetry, while kurtosis 
quantifies the “tailedness” or sharpness of the distribution 
peak.25 This test does not require prior calculation of mean 
or standard deviation to be methodically implemented.26 
First proposed by Carlos Jarque and Anil Bera in 1980, it has 
become a standard method for testing normality in statistical 
research. The JB test statistic is defined in Equation I.

2	� The tool can be accessed at: http://www.bioconductor.
org/packages/2.12/bioc/html/genefilter.html

JB n S K
� �

��

�
�

�

�
�6

3
4

2
2( ) � (I)

where n, S, and K denote sample size, sample skewness, 
and sample kurtosis, respectively.

For 2,000 or more sample sizes, the test statistic is 
compared with the Chi-squared distribution27 with 2 
degrees of freedom. If the computed statistics are larger 
than the critical Chi-squared value, normality is rejected. 
Chi-squared estimation demands a large sample size for 
accurate results.28 Thus, simulation-based methods are 
used when sample sizes are below 2000. Typically, 100,000 
normally distributed samples—generated with similar 
mean value and standard deviation (SD) as the original 
data—are used to estimate a reference distribution for the 
JB test statistic.

2.3. FC

FC is a basic yet widely used method for determining gene 
expression patterns.29 According to the literature, two 
definitions of FC are available.11 For real-time expression 
values, the FC for gene g is calculated as the ratio of 
average expression values between two groups, as shown 
in Equation II.

FC
x

x
g

g

=
1

2

� (II)

Where x
g1  represents the average expression value of 

gene g in the experimental (case) group, and x
g2  represents 

the average expression value in the control (normal) group.

2.4. Statistical test

A statistical test is a method used to draw conclusions 
regarding the larger population by examining a smaller 
set of samples.12 It involves using statistical techniques to 
analyze the data and determine whether the results are due 
to chance or if they are statistically significant.

2.4.1. Parametric distributions in statistics

Parametric testing methods, known as traditional or 
classical statistical tests, assume that the samples are 
drawn from normally distributed populations with similar 
variances across groups.13 If the data do not fit these 
assumptions, nonparametric statistical tests are applied. 
Parametric tests are typically based on the mean expression 
value of genes.30,31 Various commonly used parametric tests 
are briefly discussed below.

One of the most common statistical tests is the Student’s 
t-test,32 particularly the two-sample t-test, which is used to 
assess differences between the means of two independent 
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groups. This test calculates a p-value using the cumulative 
distribution function of the t-distribution. The p-value 
measures the probability of observing a t-value as extreme 
as, or more extreme than, the observed one under the null 
hypothesis. According to conventional statistical thresholds, 
a p<0.05 indicates a statistically significant difference.

Let us assume, for a given gene g: group  1: n1 
experimental samples, mean x

g
= 1 , and SD = s

g1 ; and 
group 2: n2 control samples, mean x

g
= 2 , and SD = s

g2 . The 
t-statistic (t) can be calculated using Equation III, and the 
standard error of the difference in means (seg) is calculated 
using Equation IV. The pooled standard deviation is 
computed using Equation V.

t
x x

se
g g

g

�
�( )1 2

� (III)

se spooled
n ng � �

�

�
��

�

�
��* 1 1

1 2

� (IV)
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n s n s

n n
g g�

� � �

� �

�

�

�
��

�

�

�
��

( ) * ( ) *

( )
1 1

2
2 2

2

1 2

1 1

2
� (V)

where x
g1  and x

g2  are the means of group  1 and 
group 2; s

g1  and s
g2  are the SDs of group 1 and group 2; 

and n1 & n2 are the sample sizes of group 1 and group 2.

The degrees of freedom for this test are given by 
n1 + n2 − 2. In this method, the populations are assumed 
to have equal variances. Testing or estimating variability 
of two different groups is called as “Behrens-Fisher” 
problem.33,34 This problem arises when comparing means 
from two normally distributed but heteroscedastic 
populations. To address this issue, it is important to test 
whether the variance of each population is equivalent to 
the others. If they are unequal, the Welch’s t-test should be 
used, which does not assume equal population variances. 
In this case, the t can be calculated using Equation VI, 
which provides an unpooled estimate of the population 
standard deviation.35

t x x s n s n
g g g g

� � �� �( ) ( / ) ( / )1 2 1
2

1 2
2

2 � (V)

where x
g1  and x

g2  are the means of group  1 and 
group 2; s

g1  and s
g2  are the SDs of group 1 and group 2; 

and n1 & n2 are the sample sizes of group 1 and group 2.

The assumption of normality assumption (NA) may not 
always hold in gene expression data. Let each gene g have a 
common variance σ2, such that the class-specific mean 

variance becomes 2 2 2 / nσ σ= . To pre-filter genes, one 
might compute a test statistic such as: U max x xg

I
g g

= { , }1 2  
and retain genes for which U g

I  exceeds the user-defined 
threshold u*. Alternatively, the test statistic, which 
resembles a standardized t-statistic with known variance, 
can be used: 1 2 (  ) / 2

g g

II
gU x x σ= − . This allows for more 

robust detection of differentially expressed genes while 
explicitly incorporating variance assumptions.

2.4.2. Primary non-parametric statistical techniques

Non-parametric methods, also known as distribution-
free methods, do not assume any specific underlying data 
distribution. These techniques are particularly useful when 
data violate the assumptions of parametric tests, such as 
normality or equal variance. Below are some commonly 
used non-parametric statistical methods for identifying 
differentially expressed genes.

The Wilcoxon rank-sum test (RST) is widely used 
for small sample sizes or when the data are not normally 
distributed. In such cases, the t-test may not be reliable, 
and RST provides a robust alternative. This test ranks all 
values from both groups together and then calculates the 
sum of ranks for each group.

Let W1 = ∑ranksgroup1 and W2 = ∑ranksgroup2. If the sample 
sizes n1 and n2 of group 1 and group 2 are equal, the test 
statistics T is defined as T = min(T1,T2), where T1 and T2 
are the rank sums of each group. If the sizes are not equal, 
the statistic is computed as follows: T2 = n1 (n1 + n2 + 1) – 
T1. A significantly lower value of T suggests rejecting the 
null hypothesis of equal sample means. For small samples, 
critical values of T are tabulated. The z-score for each gene 
is computed using Equations VI, VII, and VIII.

z
T mean

var
w

w

�
� �( . )

1

1

0 5
� (VI)

var n mean n n n nw w1 12 1 2 1 26 1 12� � � �* / * * ( ) / � (VII)

mean n n nw1 1 1 2 1 2� � �* ( ) / � (VIII)

The RST and Mann-Whitney U test are mathematically 
equivalent, but RST is computationally slower.36,37 The test 
statistic is given in Equation IX.

z
u mean

var
u

u

�
�� �1 1

1

� (IX)

where var n n n nu1 1 2 1 2 1 12� � �* * ( ) /  and 
mean n nu1 1 2 2= * / . Here, u1 = T1 – n1*(n1 + 1)/2 and 
T1 = ∑ranksgroup1.
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One limitation of the t-test is its sensitivity to small 
standard errors, especially in low-expression genes, which 
can yield artificially large test statistics. To overcome this, 
SAM introduces a small positive constant s0 (also called a 
“fudge factor”) to stabilize variance.38 The SAM statistics, 
as proposed by Tusher et al.,39 are described in Equation X.

t
x x

se ssam
g

g g�
�

�
1 2

0

� (X)

where se sPooled
n ng � �* 1 1

1 2

 is the standard error of 
the group means value

2.4.3. Other non-parametric tests

Introduced by Kruskal and Wallis, the KW test is utilized 
to determine whether multiple independent samples 
follow the same distribution.40-42 It is the non-parametric 
equivalent of one-way ANOVA.

Another common test is the ideal discriminator (ID) 
method,42 which is a resampling-based technique used to 
identify genes that are maximally expressed in one group 
and minimally expressed in another.43 The technique 
justifies significance by selecting the genes (or miRNAs) 
that have the maximum Pearson’s correlation coefficient 
(PCC) relative to the ID. Significance is determined by 

comparing the observed PCC obtained from permutations 
of 50,000 random columns of data.

The KS test43,44 is one of the useful non-parametric tests 
utilized to assess equality of continuous, one-dimensional 
probability distributions.44,45 It compares either an empirical 
distribution with a reference cumulative distribution, or 
two empirical distributions. The test statistic represents 
the maximum deviation between the two distributions and 
is sensitive to differences in both location and shape. The 
KS test is particularly useful for evaluating distributional 
differences between two samples. Its asymptotic p-values 
are reliable when: (n1 * n2)/(n1 + n2)4, where n1 and n2 are 
the sample sizes of the two groups.

2.5. Testing errors and performance metrics

This section describes different types of hypothesis testing 
errors in statistics, followed by performance metrics used 
to evaluate statistical methods. Two popular types of errors 
in statistics are type  I and type  II errors (Figure  2),45,46 
which describe specific flaws in experimental inference.46,47

Let us assume, m is the number of null hypotheses 
(e.g.,  genes), n is the number of conditions (samples), 
and R is the number of rejected null hypotheses. A Type I 
error occurs when the null hypothesis H0 is incorrectly 
rejected, even though it is actually true. The probability of 

Figure 2. Relationship between hypothesis test outcome and error types. Image created by the authors.
Abbreviations: α: Type I error; β: Type II error; Ho: Null hypothesis; FN: False negative; FP: False positive; NPV: Negative predictive value; PPV: Positive 
predictive value; TN: True negative; TP: True positive; TNR: True negative rate; TPR: True positive rate.
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committing a Type  I error is referred to as the statistical 
significance level, denoted by α. Type I error rates can be 
characterize via four ways:47 (1) Per comparison error rate 
(PCER), which is the expected proportion of false positive 
value (E) of Type I error (EP) is divided by the total number 
across all hypothesis (m) (PCER = E(FP)/m); (2) Per-
family error rate (PFER), which is the expected number 
(E) of FP in the set PFER = E(FP); (3) Family-wise error 
rate (FWER), which measures the probability (P) of one 
or more FP (FWER = P(FP ≥ 1)); and (4) False discovery 
rate (FDR), introduced by Benjamini and Hochberg, is 
the expected proportion (E) of FP among the rejected 
hypothesis (FDR = E(EP/(TP+FP)), R > 0).48

Fundamentally, in multiple testing process, 
PCFR  ≤  FWER ≤ PFER. Therefore, the PFER method is 
more conventional than the FWER technique, while FWER 
practice is more conventional the PCER. PFER produces 
more false positive errors than the PWER, while FWER 
produces more false positive errors than PCER.

A type II error occurs when the alternative hypothesis 
H1 is rejected even though it is actually true. The probability 
of this error is denoted by β, and the power of the test is 
defined as 1−β, representing the probability of selecting 
H1 when it is true. In statistical classification—particularly 
in medicine and bioinformatics—there are two key 
performance indicators: (1) Sensitivity (true positive, TP, 
rate): proportion of correctly identified TPs. (2) Specificity 
(true negative, TN, rate): proportion of correctly identified 
TNs. These metrics are intrinsically linked to type  I and 
type  II errors and are summarized along with related 
metrics in Table 1.

In 1975, a biochemist named Brian W. Matthews 
introduced the Matthews correlation coefficient (MCC), 
which is a quality-centric measurement of binary 

classifications. It is especially suitable for imbalanced 
datasets, providing a single-valued metric that summarizes 
the confusion matrix.49 MCC stands out as a robust and 
balanced metric, particularly well-suited for handling 
datasets of varying sizes and uneven class distributions, 
making it an effective tool for evaluating performance 
in such scenarios. MCC ranges from  -1 (complete 
disagreement between prediction and actual outcome) 
and +1 (perfect prediction). An MCC value of 0 indicates 
an arbitrary prediction of the actual value. This statistic is 
also called the phi coefficient. The MCC50 can be computed 
using Equation XI as follows.51

MCC
TP TN FP FN

TP FP TP FN TN FP TN FN
�

� � �
� � � �

* ( * )

( )( )( )( )
� (XI)

where TP is the true positives, TN is the true negatives, 
FP is the false positives, and FN is the false negatives.

2.6. Post-test method: Various p-value corrections

Multiple testing correction refers to the adjustment of 
p-values when statistical analyses are repeated multiple 
times on the same dataset. When each test is conducted at 
a 5% significance level, every individual test carries a 5% 
probability of committing a type  I error, i.e., incorrectly 
rejecting the null hypothesis.51 However, when many tests 
are conducted simultaneously, the FWER—the probability 
of committing at least one type  I error—can exceed 5% 
and may reach approximately 30% in some scenarios.52 
Therefore, it is essential to control this cumulative error 
rate to avoid false discoveries.

To maintain the FWER at a desired level (commonly 
set at α = 0.05), the significance threshold for individual 
tests must be adjusted to be more stringent.53,54 p-value 

Table 1. Advantages and disadvantages of parametric and non‑parametric tests

Test Advantages Disadvantages

FC • Useful for a small number of samples (e.g., 1–2).
• Simpler biological interpretation.

• Prone to high FPs.
• Ignore variability and is highly affected by outliers.

Student’s t‑test • �Performs well with a large sample size from two groups 
with similar variance.

• Performs poorly with a small number of samples.
• FP rate increases with increasing variance.
• Not suitable for comparing more than two groups.

Mann–Whitney U test 
(Non‑parametric)

• Robust to outliers and works well for non‑normal data.
• Useful for ranked or ordinal data.
• Detects median difference.
• More efficient and fewer chances of mistakes.

• Less powerful than the t‑test for normally distributed data.
• �Calculations are more complicated, especially for small sample 

sizes.
• Not appropriate for comparing more than two groups.

SAM • Avoids the problem of having small variances.
• Suitable for small sample sizes.
• Uses permutation to account for gene correlation
• Does not rely on parametric assumptions.
• Reports local FDR and links expression changes over time.

• Performance is inconsistent for small sample sizes.
• �The correlation method for sample variance is not 

model‑motivated.

Abbreviations: FC: Fold change; FDR: False discovery rate; FP: False positive; SAM: Significance Analysis of Microarrays.
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corrections are applied to account for the increased 
likelihood of FP resulting from multiple comparisons. 
In genomic data analysis, each gene or miRNA is 
typically tested independently, and the FP rate is directly 
proportional to both the number of comparisons and the 
chosen p-value threshold. GeneSpring and other statistical 
platforms categorize multiple testing correction methods 
into four main types.

2.6.1. Bonferroni correction

The Bonferroni correction is a conservative method used 
to adjust p-values when various dependent or independent 
statistical tests are performed on an individual dataset.50 
This technique controls the FWER by dividing the desired 
significance level (α) by the number of comparisons (m). 
Alternatively, it can be implemented by multiplying each 
unadjusted p-value by the number of hypotheses tested: 
Adjusted p = p × m. If the adjusted p-value is still less than 
the chosen significance threshold (e.g., 0.05), the test 
result is considered statistically significant.55 In this 
context, m represents the total number of genes (or 
miRNAs) tested. The Bonferroni method is particularly 
effective for strong control of the FWER when many 
pairwise tests are involved. This method discards null 
hypothesis, Hg if the unadjusted p-value is equal to or 
lesser than α/m. The single-step Bonferroni-corrected 
p-value is calculated as  p min mpg g= ( , )1 . Then, based on 
Boole’s inequality, the FWER is bounded following 
Equation XII.
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Where m0 implies the total number of the true null 
hypothesis and pg is the unadjusted p-value for gene g. This 
final inequality follows from the assumption that under the 
null hypothesis Hg, the probability Pr (pg ≤ (x|Hg)) ≤ x for 
x ∈ [0,1].56

2.6.2. Bonferroni-Holm (step-down) correction

Although similar to Bonferroni correction, the Bonferroni-
Holm correction is slightly less stringent, offering improved 
statistical power.57 In this method, the unadjusted p-value 
of each gene (or miRNA) is first sorted in increasing 
sequence.58 Then, a sequence of comparisons is performed: 
(1) The smallest p-value is multiplied by the total number 
of hypotheses m; (2) the second smallest is multiplied by 

m−1; (3) the third by m−2, and so on.55 This process 
continues until a p-value fails to meet the significance 
threshold (e.g., 0.05), at which point the procedure stops, 
and all remaining hypotheses are not rejected. Let us 
assume Pr1 ≤ Pr2 ≤ … Prm denote the observed unadjusted 
p-values and Hr1, Hr2,…, Hrm indicates the null hypotheses. 
As stated by Holm (1979), the index can be defined as 

g min g Pr
m gg

* : .� �
� �

�
�
�

�
�
�

�
1

 and the hypotheses Hrg, 

where g = 1,…, g*−1, are all rejected. If no such g* exist, 
then all hypotheses are rejected. Since the correction 
becomes progressively less stringent as the p-value 
increases, this method is uniformly more powerful than 
the Bonferroni correction.59

2.6.3. Westfall and Young permutation method

Unlike Bonferroni and Holm procedures—which are 
single-step methods that adjust p-values independently—
the Westfall and Young permutation method incorporates 
the dependency structure between tests.60 This approach 
is particularly suitable for genomic data such as DNA 
microarrays, where expression levels of many genes are 
often highly correlated.61

The method follows a step-down process, similar 
to Holm’s, but uses permutations to create resampled 
datasets. Specifically, the data are randomly partitioned 
into two artificial groups (e.g., control and treatment), and 
p-values for all genes are calculated within each permuted 
dataset. This process is repeated many times to generate a 
null distribution of p-values.

The single-step min p adjusted p-values, for a gene g, 
are corrected using Equation XII.

p P p Hg l m l g
C� �� �� �

Pr min
1 0 � (XII)

where Pl refers to the unadjusted p-value of the lth 
hypothesis and H C

0  denotes the complete null hypothesis.

Alternatively, the single-step max T adjusted p-value is 
defined as in Equation XIII.

p max T t Hg l m l g
C� �� �� �

Pr
1 0 � (XIII)

where Tl denotes the non-normally distributed test 
statistic of the lth hypothesis (e.g., t-statistic of lth hypothesis 
with different degrees of freedom across tests). This 
permutation-based correction provides one of the most 
powerful FWER control methods, as it directly accounts 
for correlation between test statistics. However, due to its 
computational intensity, it may be impractical for large 
datasets or high-throughput applications.
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2.6.4. Benjamini-Hochberg (BH) false discovery rate 
(FDR) correction

The BH FDR correction is a less stringent multiple testing 
correction compared to Bonferroni or Holm. Unlike those 
approaches which control the FWER, the BH method 
controls the FDR, which is the expected proportion of FP 
among all rejected hypotheses. This relaxation allows more 
discoveries (TP) to emerge.62,63

The BH method was introduced by Yoav Benjamini 
and Yosef Hochberg (1995)64,65 and it is widely used due 
to its balance between sensitivity (true discovery) and 
error control. In comparison to other corrections, the BH 
procedure is less conservative, allowing more hypotheses 
to be rejected. It tolerates a small proportion of FP, leading 
to fewer FN. It also assumes independence or positive 
dependence among test statistics, though empirical 
extensions have addressed violations of these assumptions.

To apply the correction, the unadjusted p-values are first 
sorted in ascending order: Pr1 ≤ Pr1 ≤ Prm. To control the 
FDR at a chosen level α, the largest index g* is determined 
using Equation XIV.

max{ : ( / ) }g p g mrg
� � � (XIV)

where Prg is the unadjusted p-value, m is the total 
number of hypotheses tested, and α is the chosen 
significance level. Then, all hypotheses Hrg , where 
g  =  1,…, g*, are rejected. If no such g* exists, then no 
hypothesis is rejected. The adjusted p values are then 
calculated using Equation XV.
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For large-scale data, the FDR can also be estimated 
using Empirical Bayes methods.66,67 These approaches 
combine frequentist inference with Bayesian shrinkage 
techniques and provide a multivariate estimation strategy 
for both effect sizes and error rates.

2.7. Kyoto Encyclopedia of Genes and Genomes 
(KEGG) pathway and gene ontology (GO) analysis

In addition to p-value-based gene filtering used for 
hypothesis testing, KEGG pathway and GO filtering can 
be applied to identify biologically meaningful gene subsets. 
For instance, KEGG identifiers such as hsa0521 (bladder 
cancer), hsa05216 (thyroid cancer), hsa05310 (asthma), 
and hsa05144 (malaria) allow for pathway-level filtering, 
while GO identifiers like GO:0000122, GO:0005829, and 
GO:0005515 are used for ontology-based categorization. 
To perform such filtering, web-based tools like DAVID 

(Database for Annotation, Visualization, and Integrated 
Discovery) are commonly used. In DAVID, users can 
upload a list of gene identifiers along with the species 
name (e.g., Homo sapiens) to retrieve KEGG Pathway and 
GO terms associated with the input gene set. Internally, 
DAVID uses Fisher’s Exact Test to determine the statistical 
significance of gene-term enrichment. It evaluates whether 
the overlap between the gene set and a specific pathway 
or GO term occurs more frequently than expected by 
chance. A p-value threshold (commonly p<0.005) is used 
to determine significantly enriched pathways or ontology 
categories.

GO is a structured, controlled vocabulary representing 
gene product attributes across all species. It covers three 
domains: (1) Biological process (BP): describes the 
broader biological objectives or pathways to which a gene 
contributes; (2) Cellular component (CC): indicates the 
subcellular location or structure where the gene product 
is active; and (3) Molecular function (MF): refers to the 
biochemical activity of a gene product.

This enrichment-based approach facilitates Gene 
Set Enrichment Analysis (GSEA) by revealing potential 
functional implications of gene expression changes 
and connecting statistically significant genes to known 
biological contexts.

2.8. Detection of miRNA target

A single miRNA can regulate multiple genes. In general, 
a miRNA can reduce the expression of its target genes. 
A  miRNA is a non-coding biomolecule are crucial 
biomarker for various diseases, particularly in cancer 
diagnosis and prognosis. Various methods have 
been developed for miRNA target detection, such as 
bioinformatics tools using high-throughput sequencing 
data, conserved seed region matching, and hybrid deep 
learning-based approaches that integrate convolutional 
and recurrent neural networks.68 Popular computational 
tools for miRNA target prediction include miRanda,1 
TargetScan, and DIANA-microT-CDS.

3. Comparative study of statistical tests 
and other computational tools in genetic 
feature discovery
3.1. Differential expression analysis

3.1.1. Dataset

In this study, we utilized microarray gene expression data 
related to uterine leiomyoma retrieved from the NCBI 
Gene Expression Omnibus (GEO) under the accession 
number GSE31699. The dataset comprises two kinds of 
samples: (i) 18 uterine leiomyoma (diseased/experimental) 
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samples (denoted as UL) and (ii) 18 myometrial (matched 
normal/control) samples (denoted as MM), all derived 
from African-American women.

3.1.2. Comparison of different statistical tests

Firstly, we removed the genes with missing values (NA) 
and then low variance. Thereafter, NT using the JB test was 
performed to separate the dataset into normally distributed 
and non-normally distributed subsets. We considered 
only the matched pairs—16 UL and 16 MM samples—for 
further analysis.

Given the limitations of parametric tests on non-
normally distributed data, our analysis emphasized this 
more challenging subset. Our analysis emphasized this 
more challenging subset (i.e., zero-mean normalization, 
min-max normalization) and thereafter applied statistical 
hypothesis tests (i.e., Student’s two-sample t-test and 
Welch’s two-sample t-test) without p-value correction 

as well as with p-value correction (using Bonferroni, 
BH, FDR, Holm, and Hochberg methods). Finally, we 
computed the differential expression analysis to determine 
(i) the number of differentially expressed (DE) genes, 
(ii) the number of up-regulated genes (UpG), and (iii) the 
number of down-regulated genes (DownG). We set p<0.05 
for significance as well as FC ≥1.10 (for UpG) and FC 
≤−1.10 (for DownG) as cut-offs.

The results are presented in Table 2. Overall, Student’s 
two-sample t-test and Welch’s t-test exhibited only slight 
differences in the number of DE, UpG, and DownG under 
different conditions, particularly when applied to non-
normally distributed data using different normalization 
methods and p-value correction techniques.

In recent years, several advanced statistical methods 
and tools have been developed for differential expression 
analysis in microarray, RNA-Seq, and other omics datasets. 
Among parametric tools, Limma14 and DESeq269 are widely 

Table 2. Comparative analysis of statistical hypothesis tests under varying normalization methods and p-value corrections using 
the non‑normally distributed microarray dataset (GSE31699).

ID Statistical hypothesis test Normalization method p‑value correction DE genes (n) Up‑regulated genes (n) Down‑regulated genes (n) 

CS1 Student’s t‑test ZM Without correction 570 16 12

CS2 Student’s t‑test ZM Bonferroni 3 1 0

CS3 Student’s t‑test ZM BH 111 10 7

CS4 Student’s t‑test ZM FDR 111 10 7

CS5 Student’s t‑test ZM Holm 3 1 0

CS6 Student’s t‑test ZM Hochberg 3 1 0

CS7 Student’s t‑test MM Without correction 570 16 12

CS8 Student’s t‑test MM Bonferroni 3 1 0

CS9 Student’s t‑test MM BH 111 10 7

CS10 Student’s t‑test MM FDR 111 10 7

CS11 Student’s t‑test MM Holm 3 1 0

CS12 Student’s t‑test MM Hochberg 3 1 0

CS13 Welch t‑test ZM Without correction 559 16 12

CS14 Welch t‑test ZM Bonferroni 1 0 0

CS15 Welch t‑test ZM BH 111 10 7

CS16 Welch t‑test ZM FDR 54 7 5

CS17 Welch t‑test ZM Holm 1 0 0

CS18 Welch t‑test ZM Hochberg 1 0 0

CS19 Welch t‑test MM Without correction 559 16 12

CS20 Welch t‑test MM Bonferroni 1 0 0

CS21 Welch t‑test MM BH 54 7 5

CS22 Welch t‑test MM FDR 54 7 5

CS23 Welc1h t‑test MM Holm 1 0 0

CS24 Welch t‑test MM Hochberg 1 0 0

Abbreviations: DE: Differentially expressed; BH: Benjamini‑Hochberg; FDR: False discovery rate; MM: Min‑max normalization; ZM: Zero‑mean 
normalization.

https://dx.doi.org/10.36922/AIH025180036


Artificial Intelligence in Health Genetic feature discovery through differential expression

Volume 3 Issue 1 (2026)	 64� doi: 10.36922/AIH025180036 

adopted. Among non-parametric approaches, commonly 
used methods include the Mann–Whitney U test, Shrink 
t-test, and SAM.39 For high-throughput sequencing data 
analysis, the Genome Analysis Toolkit developed by the 
Broad Institute70 is widely used. It supports functionalities 
such as identifying Single-nucleotide polymorphisms, 
assessing copy number variations, and detecting structural 
variations, in addition to differential expression analysis.

Deep learning-based frameworks have also emerged. 
One notable example is DeepDiff,71 which predicts 
differential gene expression scores from histone 
modification data. In parallel, recent studies have proposed 
improved methodologies to optimize DE analysis. Gomez 
et al.72 demonstrated a computational drug discovery 
pipeline using DE signatures. Peng et al.73 developed a 
high-performance ensemble-based inference framework 
for proteomics data. Aurelio et al.74 proposed a DE analysis 
pipeline tailored to non-model species (e.g., Cedrela 
odorata).

For single-cell sequencing, dedicated tools such 
as DEsingle,75 Pagoda2,76 Seurat,77 and Ascend78 offer 
specialized functions for differential expression and 
methylation analyses. Several other recent well-known 
cancer diagnosis methods that use machine learning, deep 
learning, or optimization include mammography-based 
diagnosis,79 integrated ultrasound and mammography 
approaches,80 and skin lesion classification.81-83

3.2. Gene set enrichment study

In addition to the differential expression analysis, we also 
conducted a traditional GSEA study using the NCBI GEO 
dataset GSE30760. The analysis was performed using 
DAVID 2021 (December 2021) with the latest DAVID 
Knowledgebase v2023q4 enrichment tool.84

3.2.1. KEGG pathway analysis

Using a corrected p-value threshold of <0.05, we obtained 
138 enriched KEGG pathways. Using FDR-corrected 
p<0.05, we identified 120 enriched KEGG pathways. 
A detailed summary of the top 10 KEGG pathways and the 
associated statistics is provided in Table 3. Additionally, the 
complete list of enriched KEGG pathways is available in 
Supplementary file3.

3.2.2. GO:BP

In this analysis, we obtained 745 enriched GO:BP 
terms based on p-value correction <0.05. For FDR-
corrected p<0.05, we identified 182 enriched GO:BP 
terms. The top five most significantly enriched GO:BP 
terms include signal transduction, positive regulation 
of transcription by RNA polymerase II, cell adhesion, 
positive regulation of DNA-templated transcription, and 
negative regulation of transcription by RNA polymerase 
II. A  summary of the top 10 GO:BP terms with the 
associated statistics are provided in Table  4. Complete 
details of all enriched GO:BPs terms are provided in 
Supplementary File4.

3.2.3. GO:CC

This analysis identified 183 enriched GO:CC terms with 
p<0.05 and 91 enriched GO:CC terms when FDR-corrected 
p<0.05 was applied. The top five enriched GO:CC terms 
are as follows: cytosol, plasma membrane, membrane, 
cytoplasm, and extracellular exosome. The top 10 GO:CC 
terms and the associated statistics are provided in Table 5, 
3	� Data available at GSE30760_DAVID_allgenes_

geneset_encriched_KEGG_path.csv
4	� Data available at GSE30760_DAVID_allgenes_

geneset_enriched_GO_BP.csv

Table 3. Top ten enriched KEGG pathways GSE30760 gene expression data using DAVID 2021 and DAVID Knowledgebase 
v2023q4

KEGG pathway ID & name Genes (n) p Gene names FDR

hsa05200: Pathways in cancer 245 6.09E‑09 RB1, SPI1, HHIP, KEAP1, CALML3 9.09E‑07

hsa05205: Proteoglycans in cancer 110 8.15E‑09 IHH, FZD10, FGF2, ELK1, TNF 9.09E‑07

hsa04550: Signaling pathways regulating pluripotency of stem cells 82 3.52E‑08 GSK3B, WNT2B, RIF1, ONECUT1, PIK3CD 2.62E‑06

hsa04015: Rap1 signaling pathway 111 5.68E‑08 ITGA2B, CTNND1, CALML3, CALML4, FGF2 3.17E‑06

hsa04510: Focal adhesion 106 1.40E‑07 MYLK2, ITGA2B, ELK1, ACTB, MYLK 6.24E‑06

hsa04514: Cell adhesion molecules 84 1.25E‑06 CD86, CD40, PTPRS, ITGAM, ITGB2 3.87E‑05

hsa04820: Cytoskeleton in muscle cells 115 1.28E‑06 ITGA2B, ENO3, ACTB, ACTG2, COMP 3.87E‑05

hsa04072: Phospholipase D signaling pathway 80 1.39E‑06 DGKG, DGKE, DGKD, DGKA, PIK3CD 3.87E‑05

hsa04611: Platelet activation 69 3.29E‑06 MYLK2, ITGB3, ITGA2B, PIK3CD, PIK3CB 8.16E‑05

hsa05414: Dilated cardiomyopathy 58 1.60E‑05 ITGB3, ITGA2B, TNF, ACTB, SLC8A2 3.42E‑04

Abbreviation: FDR: False discovery rate.
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Table 4. Top ten GO: BP terms from GSE30760 gene expression data using DAVID 2021 and DAVID Knowledgebase v2023q4

GO: BP ID and name Genes (n) p Gene names FDR

GO: 0007165: Signal transduction 547 2.27E‑30 CNTFR, GMFB, GMFG, GLDN, CRHBP 2.07E‑26

GO: �0045944: Positive regulation of transcription by RNA 
polymerase II

508 3.56E‑29 ATF1, RB1, EHF, SPI1, GABPB2 1.62E‑25

GO: 0007155: Cell adhesion 246 3.74E‑17 SLC23A2, APP, SPON1, COL12A1, ICAM2 1.14E‑13

GO: 0045893: Positive regulation of DNA‑templated transcription 299 1.66E‑16 TRRAP, GPATCH3, ELK1, ACTB, PSMD9 3.79E‑13

GO: �0000122: Negative regulation of transcription by RNA 
polymerase II

372 1.72E‑14 ZNF177, RB1, TCERG1, APP, ZNF296, SPI1 3.13E‑11

GO: 0001525:Angiogenesis 131 1.70E‑13 PLXND1, ITGA2B, SERPINE1, UBP1, RORA 2.58E‑10

GO: 0098609: Cell‑cell adhesion 102 1.10E‑12 CLSTN3, CTNND2, ITGA2B, CTNND1, ICAM2 1.44E‑09

GO: 0008284: Positive regulation of cell population proliferation 209 9.71E‑11 CNTFR, VIPR1, ACTB, MYC, KDR 1.11E‑07

GO: 0007268: Chemical synaptic transmission 110 1.20E‑10 CHRM1, CHRM4, RPS6KA3, HTR6, HTR7 1.21E‑07

GO: �0048009: Insulin‑like growth factor receptor signaling 
pathway

51 1.46E‑10 DDR1, RET, ALK, FLT1, IRS1, FLT4 1.33E‑07

Abbreviations: BP: Biological process; FDR: False discovery rate; GO: Gene Ontology.

Table 5. Top ten GO: CC terms from GSE30760 gene expression data using DAVID 2021 and DAVID Knowledgebase v2023q4

GO: CC ID & name Genes (n) p Gene names FDR

GO: 0005829: Cytosol 1935 2.01E‑44 SCOC, NUP107, TESK1, SLA2, SCP2 2.70E‑41

GO: 0005886: Plasma membrane 1828 1.45E‑30 TFRC, SLA2, HTR6, HTR7, AKT2 9.75E‑28

GO: 0016020: Membrane 1773 4.68E‑30 PGLYRP3, SPI1, NUP107, TFRC, NDST1 2.10E‑27

GO: 0005737: Cytoplasm 1933 8.47E‑29 TSKS, POP7, TESK1, SLA2, ALKBH6 2.85E‑26

GO: 0070062: Extracellular exosome 826 1.46E‑28 TFRC, ISLR, PSMD7, PSMD2, DPYSL2 3.92E‑26

GO: 0005654: Nucleoplasm 1371 6.47E‑26 ATF1, SCOC, POP7, SPI1, PWWP2B 1.45E‑23

GO: 0009986: Cell surface 298 1.75E‑24 APP, SLC46A2, SPARC, TFRC, HHIP 3.37E‑22

GO: 0009897: External side of plasma membrane 190 3.62E‑17 FCN1, CD86, CNTFR, CD84, CSF3R 6.07E‑15

GO: 0048471: Perinuclear region of cytoplasm 303 2.47E‑16 IFITM3, CYFIP1, APP, EIF4A1, TFRC 3.68E‑14

GO: 0000785: Chromatin 422 3.43E‑15 ATF1, RB1, EHF, SPI1, RAX 4.62E‑13

Abbreviations: CP: Cellular process; FDR: False discovery rate; GO: Gene Ontology.

Table 6. Top ten GO: MF terms from GSE30760 gene expression data using DAVID 2021 and DAVID Knowledgebase v2023q4

GO: MF ID & name Genes (n) p Gene names FDR

GO: 0005515: Protein binding 4522 1.62E‑99 PGLYRP3, SCOC, NUP107, TFRC, PWWP2B 5.07E‑96

GO: 0042802: Identical protein binding 676 2.92E‑19 ATF1, RB1, GABPB2, TFRC, ACCS 4.57E‑16

GO: 1990837: Sequence‑specific double‑stranded DNA binding 249 1.17E‑14 ZNF177, ZNF296, GFI1, FOXI1, RAX 1.22E‑11

GO: 0019904: Protein domain specific binding 107 2.73E‑10 FOXA1, APP, PLXND1, ZFYVE9, ZMYND8 2.13E‑07

GO: 0003700: DNA‑binding transcription factor activity 245 9.49E‑10 ATF1, ZNF296, SPI1, GFI1, FOXI1 5.94E‑07

GO: 0005178: Integrin binding 83 1.59E‑09 APP, ITGAM, ITGB3, ITGA2B, ITGB2 8.31E‑07

GO: 0140801: Histone H2AXY142 kinase activity 65 3.44E‑09 DDR1, RET, ALK, DYRK4, ITK 1.35E‑06

GO: 0035401: Histone H3Y41 kinase activity 65 3.44E‑09 DDR1, RET, ALK, DYRK4, ITK 1.35E‑06

GO: 0005524: ATP binding 544 8.52E‑09 PI4K2B, TESK1, SMC3, SMC2, MYLK 2.96E‑06

GO: 0001228: DNA‑binding transcription activator activity, RNA 
polymerase II‑specific

202 1.02E‑08 ATF1, EHF, FOXI1, RAX, SOX21 2.98E‑06

Abbreviations: FDR: False discovery rate; GO: Gene Ontology; MF: Molecular function.
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and the complete list of all the enriched GO:CCs terms is 
listed in Supplementary File5.

3.2.4. GO:MF

In this analysis, we identified 208 enriched GO:MF terms 
with a p<0.05. For the FDR-corrected p<0.05, the enriched 
terms were reduced to 91. The top five most enriched 
GO:MF terms include protein binding, identical protein, 
sequence-specific double-stranded DNA binding, protein 
domain-specific binding, and DNA-binding transcription 
factor activity. The top 10 GO:MF terms and the associated 
statistics are provided in Table 6. Additionally, all the enriched 
GO:MFs terms are presented in Supplementary File6.

4. Conclusion
In recent times, the discovery of genetic and epigenetic 
features—such as gene and methylation markers—has 
played an important role in understanding complex diseases 
and traits. This study provides a comprehensive review and 
comparative study of various well-known statistical hypothesis 
testing methods (i.e., Student’s t-tests, ANOVA, Chi-square 
tests) in the context of genetic feature discovery and gene 
set enrichment analysis for microarray or RNA-seq datasets. 
Our analysis highlights the strengths and weaknesses of each 
approach, examining their methodologies, applications, 
performance, accuracy, and future directions. While classical 
statistical tests offer transparent and interpretable results, 
machine learning and deep learning techniques demonstrate 
superior capacity for managing high-dimensional data and 
modeling intricate biological interactions. We also explore 
the emerging potential of hybrid strategies that integrate 
statistical inference with machine or deep learning models 
to improve the reliability and efficiency of feature discovery. 
Looking ahead, promising directions include the integration 
of multi-omics data, the development of explainable AI 
models, and the advancement of scalable computational 
frameworks. This review serves as a resourceful guide for 
researchers aiming to harness the complementary strengths 
of statistical and machine learning methodologies in genetic 
and epigenetic biomarker discovery. In future work, we plan 
to conduct experimental evaluations using publicly available 
RNA-seq and Illumina DNA methylation datasets to identify 
robust biomarkers for various biological conditions and 
disease states.
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