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Abstract

Cancer incidence has yearly surged by 23.6 million in 2019, with 10 million deaths from cancer
reported in the same year, signifying a 26% and 21% upsurge in cases and deaths over the last
decade. Gene expression (GE) analysis is a robust technique for the early diagnosis and
classification of cancers by identifying unique molecular characteristics in diverse organs.
Unlike other methods, identifying cancer-related genes from GE profiles results in more
effective and tailored therapies. This technique, however, suffers from shortcomings such as
huge amounts of GE data available, making data extraction and analysis a challenging task, a
dearth of inclusive databases, and poor access to GE data extraction technology in some regions.
This research proposes a deep learning (DL)-based minimum-redundancy-maximum-relevance
(mRMR) technique for the precise identification of six cancer types using GE data, where DL-
mRMR merges DL and feature selection (FS) to pick effective features and reduce dataset
dimensions. Entrenched in FS, DL-mRMR downsizes the volume of input features reflecting
similarities between cancers and within samples of a given tumor, and eventually balances the
samples in the database, thereby diagnosing cancer types using a DL classifier. TCGA database
simulations reveal a 99% accuracy (ACC) of DL-mRMR in differentiating breast, colorectal,
kidney, and lung cancers based on GE data. In addition, due to the reduction in the size of the
input sample vector, the complexity of the classifier algorithm and the number of samples
required for its training are lower than similar approaches.
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1. Introduction

Cancer refers to a group of diseases emanating from
uncontrolled and inadvertent growth and proliferation of
cells in the body. Cancer is commonly characterized by
interrupted regulatory mechanisms of normal growth,
proliferation, and cell death. Cancer cells are capable of
invading or spreading to nearby tissues while possessing
the ability to metastasize to other body organs. Overall,
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cancer arises from diverse environmental and genetic
contributors and is associated with numerous physical
symptoms. In addition to symptoms in the original location
(i.e., primary tumors), cancer cells metastasize to other
organs via spreading through the vasculature and
lymphatic system by adopting mechanisms of destruction,
invasion, and occupation. By 2024, the number of new
cancer cases and the resulting cancer deaths were predicted
to rise to 29.9 and 15.3 million, respectively [1]. Of all the
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10 million new cancer cases diagnosed annually, one-third
are preventable, and one-third are treatable upon early
diagnosis.

According to epidemiological research, cancer is the
third leading cause of mortalities in Iran after
cardiovascular diseases and crashes [2], thereby requiring
prompt actions on cancer control based on early prevention
and screening and adopting versatile systems to collect,
record, assess, and analyze information on new cancer
cases. Importantly, cancer will progressively be a key
contributor to the global burden of disease shortly.
Statistically, of all 10 million new cancer cases yearly, 4.7
and 5.5 million are expected to arise in developed and less-
developed nations, respectively. Regardless of cancer
being overwhelming in developed nations, over half of all
cases happen in developing nations. Indeed, cancer is the
second cause of mortalities and disabilities in developed
societies, and the third cause of death in developing
societies [3].
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Figure 1. The proposed method

There is no single test for the precise diagnosis of cancer,
and current procedures require a merge of physical
examinations and tests, assessments of patient background,
and diagnostic kits. Most cancers share mutual symptoms,
which prompts researchers to develop novel tools for the
early and accurate diagnosis and differentiation of cancer.
Presently, diagnostic techniques include imaging, tumor
markers, biopsy, endoscopic observations, surgery, and
genetic assessments. Genetically, a novel technique
identifies genetic biomarkers for each cancer by studying
GE profiles. It is, however, a daunting task to identify
genes that contribute to each cancer, as human cells
encompass plentiful genes that each inconsistently affect
cancer incidence or experience variations in their specific
characteristics upon cancer occurrence. Though DL and
cognitive models have recently fostered cancer prediction
and diagnosis [4-6], some unresolved issues remain when
using GE profiles for this purpose due to the following
factors:

* Multifaceted gene structures

* Impacts from exterior factors, cancers, and diseases of
the expression of each gene, leading to wrong diagnosis

* Limited access to public GE databases and insufficient
DL techniques available

* The number of features exceeds that of samples due to
massive counts of genes

This research proposes the DL and FS-based mRMR
technique to differentiate breast, colorectal, kidney, and
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lung cancers using GE data. As such, this research
contributes to the literature by 1) proposing a hierarchical
approach with distinct domains (DL and FS) for cancer
classification, 2) proposing the mRMR technique to
specify effective features on diverse GE profiles in various
cancers, and 3) using binary DL classifiers to detect cancer

types.

2. Literature review

When processing microarray data obtained from GE
profiles, the sought-after FS techniques include embedded,
wrapper, filter, and ensemble procedures [7]. Embedded
techniques directly incorporate FS into the learning process
of the classification model. Wrapper techniques employ a
classification model as part of the FS process. Filtering
techniques (e.g., mRMR) assess and select features
independent of the classification model and, instead, based
on statistical criteria or rankings. Ensemble techniques
employ and merge multiple FS methods for enhanced
precision.

Kang et al. proposed rLGenSVM (relaxed Lasso and
generalized multi-class support vector machine — SVM) as
a novel embedded classification model for tumor
identification to reduce the dimensionality of GE data. As
reported, rLGenSVM optimizes (by reducing) the number
of feature genes and delivers significantly higher
classification ACC [8]. Zhu et al. developed an embedded
method for FS using kernel parameters descent SVM
(KPD-SVM). They employed a gradient descent algorithm
to search for the best subset of features [9]. Elsewhere, Zhu
et al. proposed KP-CSSVM as an FS and classification
method with SVM for cases when the classes are
distributed asymmetrically. Mishra et al. [10] developed
SVM-BT-RFE as an improved gene selection framework
that merges SVM-T-RFE (Recursive Feature Elimination
t-test SVM) and SVM-RFE (Recursive Feature
Elimination SVM). Zhang et al. [11] proposed the
embedded FS method “MPMCSVM-RFE” (a multiple
version of SVM-RFE) for FS and multiclass classification
[12]. Besides, similar approaches are available elsewhere
(see, e.g., [12-16]).

Particle swarm optimization (PSO) is a popular
metaheuristic algorithm holding widespread applications
as a wrapper method for FS in microarray data processing.
Jain et al. reported an improved version of the binary PSO
algorithm (i.e., the iBPSO wrapper) for enhancing
classification ACC [17].

Moradi et al. reported HPSO-LS as a new wrapper method
for FS based on PSO, which works by merging the PSO
algorithm and a local search strategy. This wrapper
employs a local search algorithm to direct the search
process in selecting genes based on their correlation [18].
Garibay et al. proposed a wrapper method as a modified
version of the inertial geometric PSO algorithm for
selecting genes in DNA microarray datasets. They worked
with diverse classifiers, including SVM, self-organizing
map (SOM), back propagation neural network (BPNN),
Naive Bayes (NB), decision trees (CART), artificial
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immune recognition system (AIRS), and PSO with C4.5
decision tree (PSODT) [19].

Mohapatra et al. reported a modified PSO-based wrapper
method with SVM, NB, and k-nearest neighbor (KNN)
classifiers for FS from microarray datasets of prostate
cancer, leukemia, and colon tumors [20]. Chen et al. used
a PSO-based decision tree classifier for gene selection in
ten cancer datasets. They first worked with PSO to generate
a subset of genes, followed by assessing the ACC of the
generated subset using the C4.5 classifier [21].

The firefly algorithm (FA) [22] has been similarly used
in the literature. Almugren et al. proposed the FA-based
wrapper FS method “FF-SVM” and evaluated its ACC by
using five standard microarray datasets and SVM
classifiers. Jinthanasatian et al. [23] proposed a novel
approach for cancer detection that intelligently merges a
neuro-fuzzy system and FA. As reported, the FA used in
this approach optimizes the system parameters and
concurrently selects and classifies effective features [23].
Ragunthar et al. developed a wrapper-based FS method by
merging the artificial bee colony (ABC) algorithm with
stochastic diffusion search (SDS). As reported, the hybrid
ABC-SDS method outperforms both SDS or ABC
algorithms alone in delivering improved performance [24].
Pratiwi et al. used the genetic bee colony (GBC) algorithm
for FS and the parameter “accuracy” to evaluate the
performance of their proposed method “MBP-CGP
(Conjugate Gradient Backpropagation with Modified
Polak Ribiere), which was used as a classifier. By selecting
features of up to 47 to 51% of all datasets, the ACC of
results using MBP-CGP and GBC classifications spanned
from 88.75 to 100% [25]. Tawhid et al. developed an FS
method based on the binary whale optimization algorithm
(BWOA). BWOA performance was evaluated using three
classifiers and 32 datasets from the UCI machine learning
(ML) repository [26].

Zakari et al. proposed the FS method “GOFS” using a
modified version of the grasshopper optimization
algorithm (GOA). For performance enhancement, they
modified the GOA to balance the broad search
(exploration) and the focused search (exploitation). Such
an improvement was achieved using a mathematical model
to simulate attractive and repulsive forces between
grasshopper individuals within a swarm [27]. Chatra et al.
developed an FS method based on the binary bat algorithm
using an innovative fitness function. As reported, this
function reduces and increases intra-class and inter-class
distances, respectively, to enhance classification ACC
[28]. Ghosh et al. proposed a recursive memetic algorithm
(RMA) as a wrapper-based FS method [29]. Similarly,
Allam et al. proposed the binary teaching learning-based
optimization (FS-BTLBO) algorithm as a new wrapper-
based FS method [30]. Sharma et al. developed a wrapper-
based FS method based on improved regularized linear
discriminant analysis for cancer classification [31]. Other
wrapper-based approaches are similarly reported in the
literature (see, e.g., [32-36]).

Sharbaf et al. employed the Fisher criterion as a filter to
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reduce the number of initial genes and computational
complexity [37]. Jain et al. proposed a hybrid method that
merges Correlation-based FS (CFS; as a filter) with
improved PSO (iBPSO; as a wrapper) [38].

Chinnaswamy et al. developed a hybrid method for FS that
merges the correlation coefficient (as a filter) and the PSO
algorithm (as a wrapper) [39]. Pashaei et al. proposed a
hybrid method encompassing a Binary Black Hole
Algorithm (BBHA; as a wrapper) and Random Forest
Ranking (RFR; as a filter) [40]. Elsewhere, Dabba et al.
[41] proposed a hybrid FS method using mRMR (as a
wrapper) based on hybridization between quantum
computation and moth flame optimization (MFO), with
SVM serving as the classifier [41]. Baliarsingh et al.
employed ANOVA (as a statistical filter) and hybridization
between the enhanced Jaya (EJaya) algorithm and forest
optimization algorithm (FOA) as a wrapper [42]. Alanni et
al. merged Gain Ratio (GR; as a filter) and improved GE
programming (IGEP; as a wrapper) algorithms for FS [43].
The same works on filter and hybrid approaches are
presented elsewhere in the literature (see, e.g., [44-48]).
As with the literature review, the leading challenges in FS
based on GE data include the following:

» Data scattering and uncorrelation in different patients
with mutual cancer and massive counts of existing genes

* Common features of different cancers and external
factors affecting GE profiles

e The possibility of multiple cancers occurring
simultaneously and causing errors in the training process

* Overall, there is no single method to diagnose a set of
cancers based on GE profiles. Similarly, there is a dearth
of a segregated gene set for a specific cancer to serve as a
reliable marker for diagnoses.

3. The proposed method

The proposed method operates with mRMR feature
reduction and DL (convolutional neural network — CNN)
(Figure 1). First, data (e.g., on GE profiles) obtained from
the database are analyzed concerning frequency
distributions and then entered into the mRMR block for
feature reduction. The remaining genes (as inputs) enter the
DL classifier to deliver final results. Overall, this method
trains several different binary networks (one network for
each cancer), where several types of cancer are assumed to
be in the input data.

3.1. Database

The Cancer Genome Atlas (TCGA) was used as the
comprehensive database [33], which is jointly led by the
National Institutes of Health (NIH), the National Cancer
Institute (NCI), and the National Human Genome Research
Institute (NHGRI). TCGA fosters identifying all key
genomic alterations in the main cancers and their subtypes.
In TCGA, data have evolved with fast progress in genetic
sequencing. Notably, the technologies adopted to measure
specific variables (e.g., mRNA expression, methylation, or
single-nucleotide ~ polymorphisms [SNPs]) can be
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restructured over time. TCGA has applications in
numerous cancer classification research (see, e.g., [34-
38)).

Table 1. Number of samples available in the TCGA database for various
cancers

Cancer N of Cancer N of
samples samples
Adrenal
Gland xlsx 290 Pancreas 445
Bile Duct 9 Cervix 808
Bladder 408 Skin 500
Bone Marrow .
and blood 1000 Soft tissue 134
Bone 98 Stomach 447
Brain 913 Testis 135
Breast 1000 Thymus 90
Esphagus 222 Thyroid 945
Eye 80 Uterus 879
Head and
Neck 645 colorectal 808
Lymph Nodes 519 kidney 1000
Nervous 7 liver 409
System
Ovary 497 lung 1000

For each cancer, GE data are identified based on clustering,
with processing all the GE samples. Table 1 presents the
count of samples available for various cancers.

To process all the samples available, the frequency
distribution table for various genes is first extracted,
followed by selecting more key genes and more frequent
cancers and then using them in feature reduction and
classification.

3.2. Feature Reduction

mRMR is broadly used to select GE data in cancer
classification. For instance, Gulande et al. reported
“mRMR merged with ML techniques” as a potent strategy
to diagnose lung cancer based on GE data [49]. Similarly,
Yaqoob merged mRMR with the Northern Goshawk
Algorithm (NGHA) to classify breast cancer. Elsewhere,
Khaing et al. merged mRMR with SVM (as a classifier) to
reduce GE data to diagnose breast, renal, colon, lung, and
prostate cancers [50].

As an FS technique, mRMR minimizes information
overlap between features, while ensuring each selected
feature can significantly predict the outcome
(targetvariable) [51, 52]. mRMR markedly boosts the ACC
and efficiency of the system, optimally balancing relevance
(to the target) and redundancy (reduction of overlap).
mRMR efficacy in high-dimensional data has been
validated in some research [53].

In mRMR, relevance refers to the contribution (influence)
of a feature to the prediction of the outcome variable,
which is the presence or absence of cancer in this research.
Relevance is measured using the index “mutual
information”, which quantifies the degree of information
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shared between a feature and the outcome. For a feature Xi
and an output Y, relevance is calculated from the Eq. 1:

IX;Y) = Z Z p(x,y) log (%) (1)

XEX; YEY

Where Xi is one of the GE data in the ith person, and Y is
a binary output that clarifies the presence or absence of
cancer or no cancer in that person. The function p(x,y)
specifies the mutual probability of each feature Xi
occurrence with Y, where these values are extracted from
the training data. As such, p(x) and p(y) are marginal
probabilities for Xi and Y, signifying the independent
distribution of each in the data set. Eq. 1 uses a base-2
logarithm, where its output is in bits, and quantifies a
reduction in the uncertainty about Y when knowing the
value of Xi.

Since GE values are continuous, p(x) and p(X,y) cannot
be directly calculated. Thus, the features become discrete
in most cases before calculating mutual information. Here,
discretization, which is mostly achieved using methods
such as binning, estimates the probability distribution for
continuous variables. Bigger [(Xi;Y) values imply that the
feature Xi is highly potent in predicting the output and,
hence, is prioritized in FS by mRMR.

Redundancy assesses the volume of information overlap
between a candidate feature (gene) and previously selected
features (genes). Indeed, redundancy (as validated by
recent research, e.g., [51]) quantifies redundant
information provided by a feature compared to other
available features. Overall, redundancy is defined as the
mean volume of mutual information
between the candidate feature Xi and all other features

(Xi):
Z 1(x: %)) )

Xl‘,X]'ES,i¢]'

X T ISIZ

Where S denotes the total number of remaining features,
I(Xi;Xj) quantifies the volume of information shared
between the candidate feature Xi and each feature Xj from
the existing feature set (as obtained from Eq. 2). A higher
I(Xi;Xj) value signifies a higher overlap of information
between the features, with its mean value specifying the
similarity of a feature with all the existing features. As
such, mRMR minimizes this value to ensure that the final
set of features is informationally diverse.

For FS, mRMR instantaneously integrates relevance and
redundancy into a single objective function, where the
function is obtained from the Eq. (3) [51]:

dX) =1Xi;Y) — I, 3)
Where ¢(Xi) is the final score of Xi, with the first part [i.e.,
I(Xi;Y)] denoting the relevance or predictive power of
feature Xi, and the second part quantifying redundancy.

Overall, features with higher ¢(Xi) are more relevant.

3.3. Deep learning classifier
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Fig.2 illustrates the structure of the DL classifier
encompassing five different layers.

3

Gene expression data

[ convolution

ReLU Fully connected

Max pooling

Figure 2. DL binary classifier.

Convolution layer

The convolutional layer is a primary component of CNN in
DP that extracts key features from GE data. This layer
applies a set of filters (kernels) with the convolution
operator * (see Eq. 4) on the input vector to identify diverse
input features.

o0

xfn] +kfn] = ) x[m]x[n —m] )

m=—oo

Where x[n] is the input and k[n] is the kernel.

ReLU

Typically, there is a nonlinear activation function after the
convolution layer, with the rectified linear unit (ReLU)
serving as the most interesting nonlinear activation
function (Eq. 5).

RelU(x) = max(0,x)
5
_ {x ifx >0, )
0 x<0
Max pooling layer

Max pooling is a layer in CNN that reduces the
dimensionality of the features built in the middle
convolutional layers by diminishing the size of data (while
preserving important information) and enhancing model
efficiency. In this layer, the highest value from each section
is reflected as the output.

Fully connected layer (FCL)

In this layer, neurons are connected to all neurons in the
previous layer, where it first multiplies all the previous
layer outputs in a weight matrix and then transfers them to
the next layer. The last FCL merges the features for cancer
classification. Hence, the last FCL output equals the
number of classes, which is 2 in this research.

Softmax Layer

This layer normalizes the FCL’s output, with the output of
this layer having positive numbers summing up to one,
where these numbers are reflected as probabilities of
belonging to each class.

3.4. Evaluation criteria

The following evaluation criteria are used to evaluate the
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proposed method:

TP: Shows the correctly detected second cancer in data.
FP: Shows the number of wrongly detected second cancers.
FN: Shows the number of wrongly detected first cancers.
TN: Shows the correctly detected first cancer in data.
Precision (Pr)

This criterion specifies the ratio of correctly detected
second cancer to the total data (encompassing the second
cancer).

TP
=— (6)
TP + FP
Recall (Re)
This criterion denotes the proportion of correctly

diagnosed second cancers to the total outputs diagnosed by
the model as second cancers.

e TP -
®TTP+FN

The F-score (F1)

Represents the ratio of correctly diagnosed second cancers
to the total count of segments containing correctly
diagnosed second cancers, divided by the total count of
model errors.

Re c all X Precision

Fl Re call + Precision
TP ®)
" py GPE)
ACC

Denotes the ratio of all correctly diagnosed cancers to the
total errors of the proposed method.

acC = TP +TN o)
"~ FP+FN

4.Results

4.1. Preprocessing

First, the frequency distribution of diverse genes that
effectively contribute to cancer(s) is assessed after reading
the information on all the cancers in the database. This
section covers “gene selection” and “cancer selection”. For
cancer selection, the number of samples is considered for
concurrent analysis and determining the significance of
that cancer. Here, breast, colorectal, kidney, and lung
cancers are chosen from Table 1, all holding a sufficient
number of samples. Fig. 3 quantifies genes shared between
diverse cancers. As depicted, 243 diverse genes are shared
by three or more cancers, which are reduced to 29 genes
shared among 20 cancers. Since this value is simply an
initial criterion for gene selection, the GE data of 243 genes
effectively contribute to at least three cancers and are
reflected as input for feature reduction
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4.2. Feature reduction and classification

After specifying genes that are mutual in more than three
cancers during preprocessing, a binary classifier is trained
separately to differentiate between two cancers, as
disparities exist in common genes between diverse cancers.
First, GE profiles for genes that are mutual between the two
cancers (in the list of 243) are identified, followed by
extracting the corresponding GE data. The obtained
samples with their corresponding classes are then
randomly split into two training (70% of samples) and test
(30% of samples) groups to be used as input to the DL
classifier post-FS. Notably, the count of training and test
data is the same in each binary classifier when evaluating
how the count of genes affects performance. Here, the
count of genes in the classifier’s input surges by five steps
to assess the FS importance in differentiating cancers.
Thus, variations in the classifier’s efficiency upon raising
the count of input GE data are assessed, thereby effectively
illustrating how the classifier’s output is affected by the

count of genes employed. As such, the evaluation criteria
are reported based on the test data, where six binary
classifiers are trained. Table2 tabulates the count of genes
selected before FS, the count of samples used in each
classifier, and the specification of that classifier.

300
243
wn 250
-7
@ 179
E 200
° 150
) 29
-
z 100 53
“ 50 l 29
0 [
3 5 10 15 20

Number of Cancers

Figure 3. The count of genes shared between diverse cancers

Table 2. The binary classifiers trained in the second stage

No. First class Second No. of rputual genes before pre- Total Test Training
class processing samples samples samples
1 Breast Colorectal 52 1808 1266 542
2 Breast Kidney 42 2000 1400 600
3 Breast Lung 54 2000 1400 600
4 Colorectal Kidney 52 1808 1266 542
5 Colorectal Lung 57 1808 1266 542
6 Kidney Lung 56 2000 1400 600
As supported by the results (Fig. 4), omitting excess genes  criteria deliver unacceptable results, implying the

from the input set is an effective strategy, with the
classifier’s best performance achieved with five selected
genes. Conversely, a rise in the count of GE data reduces
the classifier’s performance. The ACC value exceeding
95% suggests the classifier’s acceptable performance.
Concerning similar performance in two classes, the best
response is achieved from 20 genes.

As shown in Fig. 5, this classifier best performs (i.e.,
regarding proximity in the two classes and ACC) with 10
selected genes. Conversely, the classifier’s performance
decreases with the number of genes that surge, signifying
the importance of feature reduction. As depicted in Fig. 6,
this classifier best performs with 25 selected genes.
Conversely, the classifier’s performance reduces when the
number of genes increases, signifying the importance of
feature reduction.

As shown in Fig.7, the best performance for this classifier
is obtained with 10 selected genes. However, the response
pattern differs from previous scenarios under both higher
or lower numbers of genes. As depicted in Fig.8, the
patterns are similar, with all the mutual genes required for
proper differentiation of the two classes. Though having
five genes as inputs delivers the best ACC, other evaluation
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classifier’s bias towards one of the two cancers in the
output. As demonstrated in Fig. 9, the classifier’s
performance fluctuates markedly with the count of genes,
though the performance exceeds 90% in most cases. Here,
35 genes deliver the best performance concerning the
closeness of the response in the two classes. Table 3
compares the results in Fig.9 by representing the
corresponding values.

As a summary, the proposed method is efficient in all
cases, and its efficacy is markedly affected by the FS
approach adopted in this research.

4.3. Comparison with previous research

Research has previously studied the TCGA database to
classify cancer based on GE data while covering diverse
cancers, genes, and networks. Mohammed et al. worked
with a stacking ensemble DL approach to classify cancer
based on TCGA data. They selected 173 genes after feature
reduction and reported an ACC of 99.22% in
differentiating breast, lung, colorectal, thyroid, and ovarian
cancers [54]. Divate et al. employed a deep neural network
(DNN) to classify 37 cancers using 13,250 genes from the
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Figure 6. Evaluation criteria for the third classifier between Breast
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Figure 5. Evaluation criteria for the second classifier between Breast
and Kidney cancers
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Figure 7. Evaluation criteria for the fourth classifier between
Colorectal and Kidney cancers

Table 3. Evaluation criteria for the sixth classifier based on the count of genes

Number of gecnes TN FN FN TP ACC Pr Re F1

5 255 22 35 288 0.905 0.892 0.929 00910
10 262 22 28 288 0917 0911 0.929 0.920
15 263 27 27 283 0910 0913 0913 00913
20 263 21 27 289 0.920 0915 0.932 0.923
25 264 21 26 289 0.922 0917 0932 0.925
30 255 24 35 286 0.902 0.891 0.923 0.906
35 266 23 24 287 0.922 0.923 0.926 0.924
40 270 26 20 284 0.923 0.934 0916 0.925
45 271 23 19 287 0.930 0.938 0.926 0.932
50 274 26 16 284 0.930 0.947 0.916 0.931
55 278 26 12 284 0.937 0.959 0916 0.937

TCGA database, with the model achieving a predictive
ACC of 97% at best [55]. Ramirez et al. worked with a
Graph CNN to classify cancer based on the TCGA
database. They considered 428 genes as input data,
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resulting in the classification of 33 cancers, with the final
ACC spanning from 89.9 to 94.7% [56]. Notably, the
number of genes in these studies is higher than that in the
present research. By reporting overall accuracy, these
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studies have overlooked evaluating the evaluation entirely.
Thus, the method proposed in the present research is
acceptability efficient in all cases and the FS algorithm has
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Figure 8. Evaluation criteria for the fifth classifier between
Colorectal and Lung cancers

5. Conclusion

GE data fosters cancer diagnosis by identifying abnormal
patterns in cells. Analyzing GE data allows for a precise
classification of cancers and ultimately delivers treatments
tailored to each cancer. Considering GE data analysis
challenges arising from the huge count of genes, this
research proposes DL-mRMR to select genes that are more
effective in cancer prediction and classification. At first,
DL-mRMR runs an initial preprocessing by measuring the
GE frequency table and reflecting the gene mutuality
between diverse cancers. Next, it uses a system containing
a DL-based classifier to select genes that are more effective
in differentiating breast, colorectal, kidney, and lung
cancers. Further, DL-mRMR thoroughly assesses diverse
parameters, including precision, recall, F1, and ACC in all
cases. Simulations on the TCGA database reveal an ACC
of over 90% in all cases in differentiating breast/colorectal
and kidney/lung cancers based on the expression profiles
of genes that are mutual between cancer types. Due to
reduced input sample vector volume, classification by DL-
mRMR entails a less complex classifier with lower counts
of samples required for its training. As such, while DL-
mRMR holds at least three times fewer genes compared to
the smallest gene set in other research, it delivers
acceptable efficiency in cancer classification.

For future research, the efficiency and ACC of the
proposed method to GE data errors can be considered. The
impact of other genetic problems, such as unknown
hereditary problems and genetic variations based on other
diseases, on reducing the efficiency of the proposed system
is another interesting topic. Furthermore, hardware
resources for training the proposed approach in practical
conditions (Due to the huge amount of GE data) can be

considered in future research.
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markedly reduced the count of genes while enhancing
classification efficiency.
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Figure 9. Evaluation criteria for the sixth classifier between Lung

and Kidney cancers
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