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Abstract. Accurate cancer classification is essential for early detection and effective treatment, yet the
complexity of gene expression presents significant challenges. In this study, we explored how combining
multiple feature selection methods with various classifiers enhances the identification of marker genes for
four cancers: leukemia, lung, lymphoma, and ovarian cancer. We applied feature selection techniques such
as the F Test, Signal-to-Noise Ratio (SNR), T-test, ReliefF, Correlation Coefficient, Mutual Information,
and minimum redundancy maximum relevance, along with classifiers including K-Nearest Neighbors,
Support Vector Machines, Linear Discriminant Analysis, Decision Tree Classifiers, and Naive Bayes. Our
results demonstrate that the SNR method consistently achieved the highest accuracy in gene selection,
particularly when paired with K-means clustering. Remarkably, leukemia was classified with 100%
accuracy using only four genes, lung cancer, and lymphoma with 100% and 97% accuracy, respectively,
using three genes, and ovarian cancer with 100% accuracy using just one gene. These findings highlight the
potential of minimal gene sets for highly precise cancer classification.

1 Introduction

The development of biotechnology has transformed 2.1 The Importance of Cancer Research

genomics, particularly the. capacity to accurately Cancer remains one of the leading causes of death
evaluate DNA gene expression [1]. The method starts worldwide, with various types posing significant health
with cpllecFing RNA from biological tissues and risks, such as leukemia, lung cancer, lymphoma, and
converting it to complementary DNA (cDNA) [2]. ovarian cancer [5, 6, 7, 8] (Table 1). Each cancer type
Scientists may now analyze thousands of genes at once has unique genetic and molecular characteristics,
through technologies like microarray analysis and next- underscoring the necessity of understanding gene

generation sequencing (NGS) [2]. These expression

>¢ ) 1S5 expression patterns specific to each type. [9].
levels are critical for understanding cellular functioning,

disease states, and other biological processes [3]. Table 1. Cancer details

However, evaluating gene expression data presents Dataset Numberof [\ |
considerable hurdles due to the nature of the data atasets genes umber ot samples
generated. This produces an expression matrlx.mcludmg Leukemia 7129 72 (47 ALL, 25
a large number of genes (attributes) assessed in a small AML)
number of samples (patients) [4]. Lung 12533 181 (31 MPM, 150

Addressing these challenges requires advanced data Cancer ADCA)
mining and Al techniques. Feature selection methods Lymphoma 7070 77 (58 DLBCL, 19
are particularly effective in identifying key factors that Cancgr FL)

. . . . Ovarian 253 (91 normal, 162
differentiate between health conditions or diseases. By 15154 .
Cancer with cancer)

focusing on a few important genes, scientists can

enhance model accuracy and clarity, leading to more

reliable and actionable biological insights. 2.2 Feature Selection Methods in Cancer
Classification

2 Material and methods This section presents the various feature selection
] ] ] ] ] methods employed in cancer classification, highlighting

This section provides a detailed overview of the their importance and application.

materials and  methods used in our research, In cancer classification, selecting the right features

emphasizing the importance of cancer research and the is critical due to the complexity of gene and protein data

advanced techniques employed to enhance classification [10]. Feature selection methods aim to identify the most

accuracy.
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informative features, enhancing model performance,
interpretability, and generalization to new data [11, 12].
F Test - The F test (Eq.1) checks if the average values
of two groups are significantly different [13].

)2
Fo) = sy (1)
Where X,, and sy* are the mean and standard deviation of

the attribute for class y =1, 2.

- Signal-to-Noise Ratio (SNR) - SNR compares the
difference in average values of a feature between two
types of data to the variation within each type (Eq.2)
[14].

P(x) =% 2)

S1j+ Sz

Where X, is the mean of attribute j and sy; is its
standard deviation for classes y = 1, 2.

- T-Test - Similar to the F test, the T test checks if
the average values of a feature are noticeably different
between two groups (Eq.3) [15].

t(x) = —2%2 3)

/52 s2
1/n1+ Z/nz

Where ny is the size, X;, is the mean and s’ is the
variance of classes y = 1, 2.

- ReliefF - ReliefF rates features by how well they
differentiate between similar instances (Eq.4). ReliefF
handles noisy data and multiple classes but requires
significant computing power [16].

Wd = wd — 2;(=1diff(xi,di,hitsj) +

mxy

> (r) x  diff(xydymisses;) 4
cxclass(x;) 1-p(class(xp)) “/=1 mxy “)
|Xia — %jal

diff (xo di ) = max(d) — min(d)

Max(d) (resp. min(d)) designates the maximum
(resp. minimum) value that the characteristic
designated by the index d can take on all of the data.
Xiq is the value of the d characteristic of data xi.

- Correlation Coefficient (CC) - The CC method

selects features based on their correlation with class
labels (Eq.5) [17].

Cov(X,Y
= Uxi Uy) (5)

Cov (X,Y) is the covariance between X and Y and
o is the standard deviation of X and Y.

- Mutual Information (MI) - MI measures the
amount of information one variable provides about
another (Eq.6) [18].

IM(Y,X) = H(Y) = H(Y /X) (6)

Where H(Y/X) measures the amount of
information contained in attribute X when class Y is
provided.

- Minimum Redundancy Maximum Relevance
(mrMR) - mrMR selects features that are highly relevant
to class labels and minimally redundant to each other

(Eq.7). MrMR balances relevance and redundancy but
can be computationally intensive with large datasets
[19].

1
Redondance (i) = FE2 Z 13, ))

i,JEF

1
Pertinence (i) = e Z 1(i,Y)
i,JEF
Pertinence (i)

Score(i) = ——=
( ) Redondance (i)

(N

With F and |F| represent, respectively, the set of
attributes and its size, I (i,j) is the mutual information
between the i and the j attribute, I (i,Y) is the
mutual information between the i characteristic and
the class vector (Y).

2.3 Clustering Combined with Filter Methods

In addition to individual feature selection techniques,
combining clustering with filter methods enhances the
selection process. Clustering groups similar features,
allowing the selection of key features from each group.
This approach identifies feature sets that best represent
the main data patterns

K-Means Clustering: K-means clustering divides
features into groups based on similarity. By grouping
similar features, k-means reduces redundancy and
simplifies the selection of representative features.
Features within the same group provide similar
information [20].

Filter Techniques (F Test, SNR, T-Test, ReliefF,
CC, MI, mtMR): Each filter technique offers a unique
evaluation of feature importance. After clustering, these
techniques can be applied within each cluster to select
the most important features. This ensures that selected
features are both significant and diverse. This combined
approach improves model performance, and robustness
to new data, and provides deeper insights into the
biological significance of selected features.

2.4 Cancer Classification Methods

Identifying different types of cancer from medical
information is crucial for accurate diagnosis and
appropriate treatment decisions. Various machine-
learning algorithms have been effectively employed to
classify cancer types using image data, genetic
information, or patient records. Here, we discuss key
techniques used in cancer classification:

- K-Nearest Neighbors (KNN): KNN is a simple and
effective classification method. It assigns a new case to
the group most common among its nearest neighbors in
feature space [21].

- Support Vector Machines (SVM): SVM is a
powerful tool for classification and regression. It finds
the optimal hyperplane in a high-dimensional space that
separates different classes [22].

- Linear Discriminant Analysis (LDA): LDA is a
statistical technique for dimensionality reduction and
classification. It combines features to maximize the
separation between two or more classes [23].
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- Decision Trees (DTC): are non-parametric
methods for classification and regression. They
iteratively split data based on feature values to create
homogenous groups [24].

- Naive Bayes (NB): Naive Bayes classifiers are
probabilistic models assuming feature independence.
Despite the simplicity of this assumption [25].

2.5 Classification accuracy

We measure the classification accuracy to test different
methods and look at how accurate they are to find the
best approach for cancer classification (Eq.8) [26].

_ (Tp + Tv)
Accuracy =100 (TN + TN + FN + FP) (8)

TP: Positive samples correctly recognized. TN:
Negative samples correctly recognized. FP: Negative
samples wrongly identified as positive. FN: Positive
samples wrongly identified as negative.

3 Results

This section summarizes the findings of our study,
which investigated the application of various classifiers
combined with feature selection methods for cancer
classification. The performance was evaluated based on
accuracy and the number of genes used. Experiments
were conducted on a standard laptop with an Intel®
Core™ i5 CPU M 250 @ 2.4 GHz, 4 GB RAM, running
Windows 10 (64-bit), using MATLAB R2023a for
methodology implementation, data analysis, and
classification tasks.

3.1 Application of Filter Selection +

Classification Approach

In this subsection, we analyze the performance of
several classifiers—KNN, SVM, LDA, DTC, and NB—
when combined with different filter-based feature
selection methods. These methods include F-test, SNR,
T-test, ReliefF, CC, IM, and mrMR. The study spans
various types of cancer, including leukemia, lung
cancer, lymphoma cancer, and ovarian cancer.

The performance metrics for each classifier and
feature selection method combination are summarized
in Table 2. The table displays the highest accuracy (Max
Acc %) achieved and the corresponding number of
genes used (Nbr genes) for each type of cancer.

- Leukemia: The SNR and CC methods got the best
accuracy (100%) when used with KNN, LDA, and NB.
SNR used the fewest number of genes to get high
accuracy, especially with LDA, where it only used four
genes.

- Lung Cancer: SNR, T-test, ReliefF, and CC
reached 97.3% accuracy using different types of
classifiers. However, SNR reached the highest accuracy
using only six genes for the KNN method.

- Lymphoma Cancer: SNR, ReliefF and CC methods
had the best accuracies (95.6%) with different
classifiers. The SNR method was very accurate and used

fewer genes, especially for KNN, where it used only
four genes.

- Ovarian Cancer: The SNR, ReliefF and CC
methods had the best accuracy at 97.5% when used with
KNN, SVM, and LDA. The SNR method was very
effective and needed only 30 genes to achieve high
accuracy with KNN.

Table 2. Comparing Filter-Based Feature Selection and
Supervised Classification Techniques for cancer

databases
KNN SVM LDA DTC NB
Max | Nbr | Max | Nbr | Max | Nbr | Max | Nbr | Max | Nbr
Acc |genes| Acc |genes| Acc |genes| Acc |genes| Acc |genes
F test |97-05) 69 842 59 |97.05| 93 |58.82| 8 [73.52| 2
svR | 100 | 13 |97.05] 4 | 100 | 9 1|97.05] 3 |[97.05| 5
& |Tetesr |97:05 75 [97.05| 2 |97.05| 66 |91.17| 13 |58.82| 95
é \ReliefF| 97.05 41 [97.05| 2 [97.05| 69 |94.11| 11 |94.11| 5
Slec 100 | 50 (97.05| 3 | 100 | 93 |97.05| 4 |97.05| 6
M 76.41 56 (842 | 5 |91.1]| 10 |76.4| 8 |91.1| 28
mrMR | 97.050 11 | 88.2 | 30 |852] 40 [64.7| 33 |88.2| 12
Frest | 832 82 [885] 6 |67.7| 53 664 3 [845| 5
svR |973 ] 6 |97.3| 33 1973 64 [973| 10 |96.6| 19
§ Totest 1966 | 13 1973 17 | 9731 17 |90.6 | 11 |96.6| 4
5 IReliefF|97.3 | 21 [96,6| 9 [973| 80 |97.3| 25 [90.6| 21
%ﬂ cc 973 | 28 [96,6| 36 |97.3| 82 |90.6| 31 [90.6| 29
= M 832 | 10 |885| 5 [96.6| 24 |832| 7 |664| 19
WrMR|90.6 | 62 [885] 18 |83.5| 23 [90.6| 5 [90.6| 25
\Ftest 1869 | 1 |[782] 29 [782] 1 [82.6| 1 |82.6]| 4
§ SNR 1956 | 4 |956| 32 [956]| 24 |913| 3 |913| 3
S T-test {913 3 [8.9| 13 (913 4 |869| 13 |82.6]| 3
§ IReliefF| 95.6 | 86 [91.3] 20 [95.6| 93 |91.3| 12 | 8.9 | 2
2lcc 95.6 | 13 [91.30| 39 |95.6| 97 |913| 8 |[91.3]| 55
%IM 869 | 10 [86.9| 15 [52.1] 50 |91.3| 13 |91.3| 29
IMrMR|869 | 15 [869] 10 [913| 5 |86.9| 10 826 13
\Ftest |71.8 | 54 [67.5] 89 (643 92 |643| 34 |63.1| 3
SJISNR 1975 30 |97.5] 39 [96.8| 37 |96.8| 35 |91.1| 21
g T-test | 97.5 13199968 | 12 [84.2| 19 |91.1| 25 |91.1| 41
LéReliefF 97.5| 32 [968| 36 [96.8| 31 |97.5| 31 |852]| 22
§ CcC 975 | 76 [96.8| 46 [97.5| 40 |97.5| 35 [91.1| 11
© M 76.41) 16 |84.2| 15 |[91.1| 12 | 764 | 26 |91.1| 18
MrMR|91.1 | 11 [882] 3 |[852| 4 |64.7| 33 |882| 2

3.2 Application of Clustering + Filter Selection
+ Classification Approach

In this subsection, we investigate how integrating K-
means clustering with filter selection methods improves
classification accuracy across different cancer types. By
incorporating K-means into the feature selection
process, we aim to enhance accuracy and reduce gene
selection variability. Table 3 displays the results of
combining K-means with various feature selection
methods and classifiers, highlighting the maximum
accuracy achieved and the corresponding number of
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selected genes. The number of clusters is k=3 for
leukemia, k=4 for lung cancer, and k=3 for both
lymphoma and ovarian cancers.

Table 3. Enhancing Classifier Accuracy with K-means

Clustering
KNN SVM LDA DTC NB
WMax |Nbr [Max |[Nbr |Max |Nbr |Max |Nbr |Max |Nbr
Ucc |genes |Acc |genes |Acc |gemes|dcc  |gemes |Acc |genes
IK-means H 97.0
Frest 9705 6 [97.05| 5 |7C7 13 |9L1| 6 |9L1] 12
\K-means
VR 100 4 |100| 7 |100]| 15 |97.05| 2 [97.05 10
K- X
5[ e (100 | 12 {100 | 110|720 12 (97.05] 13 [or1] 3
2 s
& |[K-means
§+Reﬁ€ﬁ, 100 | 8 | 100 | 15 |100| 21 |97.05| 16 [97.05 13
“’é'g”e“”‘” 100 | 19 | 100 | 12 |100| 35 [97.05] 2 [97.05 5
ﬁ}"”””mJ 18 |91.1| 5 [94.1| 5 |94.1| 28 [94.1] 15
K;?'Ajg””w.os 5 [91.1| 16 [94.1] 20 | 91.1| 23 |91.1] 8
fomeans 1 906 | 12 |90.6 | 15 [88.5] 28 [83.2| 12 |90.6] 18
test
\K-means
VR 100 | 3 [99.3] 10 {99.3] 14 |973| 2 [97.3] 10
= |K-means
S [ Torest 973 | 11 |973| 7 (993| 12 |96.6| 5 [96.6] 12
S \K-means
O [ kel | 993 | 4 973 | 11 993] 28 |97.3| 12 |96.6| 11
£ [K-means H
=
3lee 993 | 5 1993 12 (97.3| 19 | 96.6| 17 [96.6| 15
5“4’"6“””96.6 9 190.6| 5 [97.3] 20 |90.6| 13 |66.4| 10
K;?'Ajg"”%.é 11 [90.6| 12 |88.5| 13 |96.6| 15 [96.6| 21
\K-means
e [913] 21 869 | 32 [86.9| 12 |91.3| 14 |913| 15
\K-means
5 [+ R 97 | 3 | 97 | 10 | 97| 121|956 12 |95.6] 22
& [Kmeans 19561 13 |91.3| 3 [913] 2 [91.3| 10 [86.9] 13
Q [+ T-test
& [K-means
E”elw 97 | 12 |95.6| 10 |97 | 17 |956| 2 |91.3] 13
\K-means H
Slec 97 | 8 |956| 4 |97]22]956]| 1 |913]12
>
-15“4”'6”””91.3 7 |956| 7 (913 4 |91.3| 2 |91.3] 3
[Komeans # g1 31 13 1913 | 23 |95.6] 16 |91.3| 3 [913] 7
rMR
\K-means
e 1882 14 | 71.8 | 12 (882 16 | 67.5| 4 |71.8| 10
\K-means
L ovk |993] 5 | 100 | 4 (97,5 11 [97.5| 4 [98.1| 9
\K-means
e | 975 11 {975 7 (911 19 [ 968 | 5 |97.5| 11
\K-means
_ |+ Retiefr 993 | 12 1993 | 16 [98.1] 31 | 98.7| 1 |96.8| 2
5}
§’é‘c’”e‘l"‘”99.3 6 [99.3| 13 |98.7| 22 | 98.1| 4 [98.7] 12
QK—means+
EH 91.1| 16 |91.1| 15 |91.1] 12 |882| 6 |96.8| 8
St
& [K-means H
Elmar | 968 | 11 [9L1| 3 |o11) 4 882 13 |911| 2

- In a Leukemia cancer study, the K-means algorithm
combined with SNR achieved perfect accuracy (100%)
for KNN, SVM, and LDA while using a small number
of features (4, 7, and 15 respectively). Additionally, K-
means paired with T-test, ReliefF, and CC demonstrated
high accuracy, reaching 100% for some classifiers.
However, these methods typically require more features
compared to SNR.

- For Lung Cancer classification, Using K-means
clustering combined with SNR resulted in a perfect
accuracy (100%) when paired with KNN, and 99.3%

with SVM, and LDA algorithms, requiring only a few
attributes (3, 10, and 14, respectively). The
combinations of K-means with ReliefF and K-means
with CC also performed exceptionally well, achieving
up to 99.3% accuracy, though they generally required
more attributes compared to SNR.

- When dealing with Lymphoma Cancer, using K-
means combined with SNR or ReliefF achieved a high
accuracy rate of 97% when paired with KNN, SVM, and
LDA classifiers, requiring only a few attributes (3 to 12).
K-means combined with the CC also performed well,
but it needed more attributes (8 to 22) to reach the same
level of accuracy.

- For classifying Ovarian Cancer, the K-means step
significantly enhances the results. Specifically, using K-
means with SNR reaches a perfect accuracy. Both
ReliefF and CC methods worked exceptionally well,
reaching an accuracy of 99.3% with KNN and SVM.
These methods required several features, ranging from
4to 16.

Incorporating K-means clustering greatly boosted
the accuracy of cancer classification and helped identify
key genes:

- Leukemia: 100% accuracy with KNN using 4
genes selected by K-means + SNR: M23197, M27891,
AJ000480, and L09209 s_at.

- Lung: 100% accuracy with KNN using 3 genes
selected by K-means + SNR: X93036, D87436, and
K03195.

- Lymphoma: 97% accuracy with KNN using 3
genes: 221966 _at, D87119_at, and U28386_at.

- Ovarian: 100% accuracy with SVM using 4 genes:

MZ49.784115, MZ3546.2884, MZ4362.0866, and
MZ9159.3641.
3.3 Comparative  Analysis of Classifier

Accuracy Enhancement Techniques

In our study on leukemia cancer classification, we
employed K-means clustering combined with various
feature selection techniques, achieving notable accuracy
improvements across classifiers. Specifically, the
combination of K-means and SNR achieved a perfect
100% accuracy with KNN, SVM, and LDA, while DTC
and NB reached 97.05%. In comparison, Mallick et al.
(2023) [27] achieved 98.2% accuracy using artificial
neural networks (ANN) with feature selection, while
Nirmalakumari et al. (2023) [28] and Susmi et al. (2016)
[29] both achieved 98.5% using genetic algorithms with
SVM. Our results demonstrate either higher or
comparable accuracy, particularly with K-means and
SNR, highlighting the effectiveness of our hybrid
approach.

In our study on lung cancer classification, the
combination of K-means and SNR achieved near-
perfect accuracy, with 100% using KNN and 99.3%
using SVM and LDA. Other combinations also
demonstrated high accuracy rates. In comparison, Fathi
et al. (2021) [30] reported 95% accuracy using a hybrid
approach with PCC and DT, while Olaniran and
Abdullah (2020) [31] achieved 97.98% with a hybrid
VB method. Astuti et al. (2021) [32] achieved 100%
accuracy with both SVM and RF. Our results,
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particularly with K-means and SNR, align with these
high accuracies, demonstrating the robustness of our
approach.

Lymphoma Cancer: Our study found that the
combination of K-means and SNR achieved the highest
accuracy of 97% with KNN and LDA, while other
classifiers also performed well with accuracies around
95.6%. Comparatively, Olaniran and Abdullah (2020)
[31] reported an accuracy of 94.92% using a hybrid VB
approach. Rezaee et al. (2022) [33] achieved 97%
accuracy using a deep neural network and ensemble
gene selection. Nirmalakumari et al. (2023) [34]
reported an accuracy of 94.95% with the Elephant
Search classifier. Our results are competitive,
particularly with K-means and SNR, indicating the
efficacy of our hybrid methods.

Ovarian Cancer: In our study, the combination of K-
means and Signal-to-Noise Ratio (SNR) achieved the
highest accuracy of 100% with SVM and 99.3% with
KNN. Other combinations also showed high accuracy
rates, with K-means and ReliefF achieving 99.3%
accuracy with both KNN and SVM. In comparison,
Prabhakar and Lee (2020) [35] achieved a high
classification accuracy of 99.48% using SVM-RBF with
GBCO. Al-Murad and Hossain (2021) [36] reported an
accuracy of 99.20% using ANN with ENORA and CSE
for feature selection. Akmal and Fitrianah (2024) [37]
achieved 100% accuracy using ABC for feature
selection. Our results, particularly with K-means and
SNR, demonstrate competitive accuracy, highlighting
the effectiveness of our approach.

4 Conclusion

This study highlights the transformative power of
selecting the right features to build accurate and reliable
cancer classification models. By focusing on four
different types of cancer, we discovered that the SNR
method, especially when combined with k-means
clustering, consistently provided the highest accuracy
and the most relevant gene markers. For example, in
leukemia, this approach achieved a perfect 100%
accuracy by selecting just 13 critical genes.

The optimal results for each cancer type using K-
means clustering and the corresponding number of
selected genes are as follows: leukemia can be classified
with 100% accuracy using just four genes; lung cancer
also achieves 100% accuracy with three genes, while
lymphoma cancer reaches 97% accuracy using the same
number of genes. Ovarian cancer achieves perfect
classification accuracy of 100% with only 15 genes.
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