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ABSTRACT
Leukemia cancer, like other types of cancer, is a deadly health condition that threatens the lives of many people around the world.
Micro array data are used extensively to reveal the gene-cancer as well as gene–gene relationships of Leukemia cancer due to the
fact that it allows the expression value of thousands of genes to be revealed at once. However, the size of the high-dimensional
data that the micro arrays accommodate makes it difficult to work with these data. In this study, a new approach was suggested
in order to classify the micro arrays of leukemia cancer in a more efficient way by reducing the data size choosing the significant
genes. This approach includes two steps: the ensemble step and the hybrid step. In the first step, a gene filtration process is carried
out by creating an ensemble gene selection algorithm through Fisher correlation score,Wilcoxon rank sum, and information gain
methods. In the second step, the feature selection phase step, the most successful genes among these genes are revealed by using
an enhanced genetic algorithm. As a result of the classification process, the leave one out cross validation (LOOCV), 5-fold, and
10-fold cross validation results were found 100%, 98.57, and 97.14, respectively also 100% accuracy was obtained by 2 genes.

© 2020 The Authors. Published by Atlantis Press B.V.
This is an open access article distributed under the CC BY-NC 4.0 license (http://creativecommons.org/licenses/by-nc/4.0/).

1. INTRODUCTION

Cancer is defined as a disease where abnormal cells are reproduced
in an uncontrolled way and invade other tissues. More people will
suffer from this disease every day and it will also cause death of
individuals. Leukemia is a type of cancer that occurs as a result of
rapid growth of blood stem cells in bone marrow [1]. According to
a report published in 2019, it is estimated that 61,780 new people
will be caught in this disease in one year and 22,840 people will die
due to this disease [2]. Therefore, the studies that are carried out to
reveal the genetic reasons of Leukemia and to diagnose it instantly
are gaining more importance every day. Within this scope, a micro
array technology that enables the expression values of thousands
of genes to be analyzed and be measured simultaneously plays an
important role in revealing the gene-cancer and gene–gene relation-
ships [3]. Micro array data keep thousands of genes in each sam-
ple, but thanks to the difficulty in obtaining the data, the number
of samples is insufficient. Meanwhile, only some of these genes are
relevant to the disease where majority might be irrelevant [4]. As
a result of this, some problems arise such as excessive calculation
cost, incompatibility of the highly complex data with the classifica-
tion algorithm, and lower success rate of classification.
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In order to increase the classification rate and to decrease the com-
puting cost for revealing the significant genes, various feature selec-
tion approaches were suggested in the literature. Feature selection
is defined as the process of determining the most appropriate sub-
set among the features [5].

In this study, all feature selection processes are for determining
the most appropriate gene-subset. To this end, this process will be
referred to as gene selection in the study. Although major gene
selection methods are classified under 3 categories as filter, wrap-
per, and hybrid [6], different approaches such as embedded [7],
online [8], and ensemble [9] can also be seen in the literature.

One of the gene selectionmethods is called the filter approach and it
depends heavily on statistical data such as correlation and distance
among the genes while determining the gene-subset [10]. Although
this method determines the significant genes instantly, it works
independent from classification algorithms. Thus, its classification
success is lower than those of other approaches. However, it can be
used for slower approaches as a pretreatment process to opt out sta-
tistically insignificant genes from data sets. Thanks to this, heuristic
algorithms with high computing costs run fast and the incompat-
ibility problem between data and algorithm is eliminated. To this
end, Fisher correlation score (FCS) [11], information gain (IG) [12],
and Wilcoxon rank sum (WRS) [13] are used among the popular
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algorithms which are used in the literature or gene selection and
classification of cancer data.

Wrapper approaches try to find subsets that have high classifi-
cation success rates. It can yield a higher performance since it
directly focuses on classification success. However, high numbers of
potential subsets in data sets with huge data size and classification
success for each solution set require a high computing cost. Inwrap-
per approach, genetic algorithm (GA) [14] is widely used for gene
selection.

Hybrid approaches, by combining the advantages of filter andwrap-
per approaches, both decrease the computing costs and utilize an
iterative method to increase the classification success. Generally,
in the first step of this approach, statistically significant genes are
determined among micro array data set through a filter. In the sec-
ond step, an iterative selection process is carried out according to
the classification success among these genes. Various hybrid algo-
rithms such as FCS and bat algorithm [6], cellular automata and
ant colony optimization [7], IG and support vector machine (SVM)
[15], and PSO and K nearest neighborhood (KNN) [16] are recom-
mended in the literature. In their study, Lee, C-P, and Leu [17] fol-
lowed a different arrangement by using gene selection through GA
in the first place and filter process in the second.

Ensemble algorithms, on the other hand, run on a principle that
combines the results of various algorithms doing the same task.
Thanks to this method, it is aimed to obtain the performance values
of individual algorithms at a better level when they work en masse
[18]. This unification process can be done in some ways. Ensemble
algorithms can be created by combining various filter algorithms
and wrapper approaches [19]. By this means, a disadvantage of
one algorithm can be eliminated by another disadvantage. Further-
more, ensemble filtration and wrapper approaches can return both
ensemble and hybrid output when they are run in turns [9,20–23].

In this study, it was aimed to classify the data related to leukemia
cancer by designing an ensemble and hybrid algorithm. It was also
aimed to reveal the gene-cancer as well as gene–gene relation-
ships. To that end, the gene filtration algorithms that are frequently
used in the literature such as FCS, IG, and WRS were put into an
ensemble form in the first step of the study. Later, a common gene
filtration process was performed. The genes obtained from the fil-
tration process were combined by passing them through a threshold
value according to the classification performance. After determin-
ing the statistically significant genes, second stepwas taken by creat-
ing a lower subset complexity. The selection of the most significant
genes related to leukemia cancer in the second step was performed
by increasing the classification success iteratively while using a GA.
While the performance of the selected genes wasmeasured by KNN
in the first step, the relevance value of the GA in the second step was
determined by an ensemble approach which was made up of KNN,
SVM, and Naïve Bayes algorithms.

The arrangement of this paper is as follows: In the Section 2, the
algorithms that were used in this approach are explained. In the
Section 3, the ensemble and hybrid algorithm are explained in
detail. In the Section 4, findings that were obtained following the
gene selection and classification processes through the developed
approach are shared. In Sections 5 and 6, the discussion and results
are presented, respectively.

2. MATERIALS AND METHODS

In this section, filter algorithms such as FCS, IG, and WRS, which
are used in the first step of the developed approach, are explained.
Then, the GA used in the second step is presented.

2.1. Fisher Correlation Score

Due to the fact that it is a simple and fast algorithm, FCS is one of
the most preferred algorithms inmachine learning and in downsiz-
ing micro array data [24]. The purpose of FCS can be summarized
as finding subsets that represent different classes as long as the dis-
tance between the features is the same [25]. Equation (1) was used
in order to grade the genes inside the micro array data through FCS
and in order to choose the genes possessing the highest score [26]:

xi =
∑c

j=1
nj
(
uij − ui

)2
(𝜎i)2

, (1)

For each j class, uij – which is provided in the equation—indicates
themean of the i-th gene expression values (features) that belong to
the j-th class and ui indicates the mean of all the i-th gene expres-
sion values, while 𝜎i indicates the standard deviation of all the i-th
gene expression values. nj represents the number of samples for the
j class. Meanwhile, xi shows the FCS that belong to the i-th gene.
Finally, c represents the number of the class.

2.2. Information Gain

IG is simply defined as a decrease in entropy that emerges after
being partitioned by a gene, samples of which was selected from a
data set, or by a class parameter [27]. IG measures the variant of
a gene within a class. Thanks to this method, the amount of data
it carries can be revealed by studying the value changes of a gene
throughout different classes. If a selected gene does not have differ-
ent values in different classes, it can be concluded that it carries less
data, or it has a high entropy. To this end, the entropy of class param-
eter must be calculated initially. For this calculation, this Equation
(2) was used [28]:

H (A) = −∑
a∈A

P (a) log P (a) , (2)

H(A) represents the probability distribution entropy of class
attribute while P(a) is the fraction of samples in class a to all sam-
ples. However, since the data in the micro array data sets are con-
tinuous, determining a threshold value is required for each feature
before the probability computation process. In this study, this value
was determined by having themean of each feature. The values that
are higher or lower than this mean with respect to this threshold
value are designed in a way that can point to two different proba-
bilities. Following the entropy calculation, class dependent entropy
for each gene is calculated by Equation (3) below [29]. Afterward,
IG is calculated as in Equation (4) by opting out the gene entropies
from the entropy of the class.

H
(
A|B

)
= −∑

b∈B
P (b)

(
∑

a∈A
P (a/b) log P (a/b)

)
, (3)

IG (B) = H (A) −H
(
A|B

)
, (4)
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In the equations provided, B represents the gene, IG of which was
desired to be calculated. H

(
A|B

)
shows the dependent probability

of B gene on class attribute. b shows the samples of B gene. IG(B)
shows the IG of B gene.

2.3. Wilcoxon Rank Sum

WRS measures the difference of a feature on other samples. WRS
test are mostly preferred for conditions where the number of sam-
ples is low. Therefore, WRS has a huge advantage on gene filtration
of micro array data where the number of samples is low and where
the number of features is high. The first computation required for
this measurement is carried out [13] as in Equation (5):

s
(
g
)
= ∑

i∈n0
∑

j∈n1
T
((

x(g)j − x(g)i

)
≤ 0

)
, (5)

The function given in the T equation is a function that returns 1
when the expression within is true and that returns 0 when the
expression within is false. x(g)i and x(g)j are the expression values
of g gene for i and j samples. The variables shown with n1 and n0
symbols indicate the index value of other classes. s

(
g
)
expresses the

difference between two classes for g gene. The relevant gene is con-
cluded to be more significant as it gets closer to 0 or the total num-
ber of all combinations of two classes. In this respect, Equation (6)
is used in order to compute the final WRS score.

WRT
(
g
)
= max

(
s
(
g
)
, n1n0 − s

(
g
))
, (6)

2.4. Genetic Algorithm

GA is an optimization algorithm that imitates the survival effort
of living things under changing environmental conditions. It works
on particle swarm principles and it includes various solution meth-
ods within [30]. In gene selection, it is used to determine the most
appropriate genes with the purpose to increase the classification
success of the GA and to reduce the size of data set.

A traditional GA consists of selection, crossover, and mutation
operators that are performed iteratively after the problem is adapted
to the algorithm. In the adaptation step, the data set is divided
into subsets at the size of the number of genes. These subsets are
called chromosomes and all chromosomes are called population.
The selection operator computes a fitness value for each chromo-
some for crossover. This fitness value is obtained by computing the
classification success that the genes in the chromosomes obtain. In
the crossover step, paired chromosomes according to their fitness
values can exchange genes among each other in proportion to the
crossover rate. In this way, common genes of two chromosomes are
able to create new and more successful chromosomes. Mutation is
the change that occurs in the genes of chromosomes at mutation
rate. Thanks to these changes, different genes can also be tested by
enlarging the solution set. By choosing the chromosomes with the
highest performance value following the mutation processes, a new
generation is created. These operators are repeated until the desired
fitness function is obtained or as much as the number of iterations.

3. PROPOSED APPROACH

The approach that was developed in this study is made up of two
steps. In the first step, gene selection is done by letting the filter

algorithms work in ensemble way. In the second step, another gene
selection is done iteratively by using GA among the genes that were
obtained from the first step. Furthermore, in this step, classification
algorithms are used in ensemble way to compute the fitness value
of the GA.

As mentioned earlier, although they run fast, gene filtering
approaches are not sufficient on their own for choosing the sig-
nificant genes. Wrapper approaches, on the other hand, yield a
higher classification success even though the computation cost is
high. Therefore, the hybrid algorithms that are created by combin-
ing these two different approaches run fast and better performance
values can be obtained from them. Yet, while the genes are being
selected in the filtering step, there are some genes left out. This
can pose a great risk because these left out genes might be signif-
icant when they are selected with different genes and they might
be related to cancer although they are not statistically significant
according to the relevant filtering algorithm. In this case, a poor
gene pool that does not possess sufficient information about cancer
is transferred to the wrapper approach in the second step. This will
have a direct effect on the performance of thewrapper approach and
the desired performance value can never be obtained by these fil-
tered genes. In the first step, usingmultiple algorithms that perform
gene selection through statistical methods instead of using only one
single filter algorithm makes it possible to overcome this difficulty.
Thus, even if a cancer-related gene is not chosen by one algorithm,
it still has a chance to be selected by another one. In this respect,
an ensemble gene selection algorithm using Fisher correlation algo-
rithm, IG, and WRS was developed for the first step of the study.

The developed ensemble gene selection algorithm grades all the
genes through three filter algorithms separately. The three gene
grading list that was obtained as a result of this is put into an order
from the gene with the highest grade to the one with the lowest. At
this point, in order to determine the number of genes to be selected,
the performance values thatKNNobtain as a fast classification algo-
rithm are used. In the KNN algorithm, Euclidean distance function
which is given in Equation (7) was used to calculate the distance
between gene expression values and the value of 5 was used as K
parameter. The performance score of each subset is calculated by
leave one out cross validation (LOOCV) method. Initially, gene-
subsets are determined through each filter algorithm. By choosing
the subsets with the most successful LOOCV value a new common
subset is created. In this way, the gene selection processes are com-
pleted in the first step. However, under the conditionwhen themost
successful LOOCV values are obtained using different number of
genes by each filter algorithm, it appears a disproportional distri-
bution. On one hand, a filter algorithm can return a higher success
with fewer genes, on the other hand, another one can have the same
success with a greater number of genes. In order that the muta-
tion operator of the developed GA in the second step can take this
disproportional distribution into consideration, significance degree
of each gene is calculated by using Equation (8). The flowchart of
the developed ensemble gene selection algorithm is presented in
Figure 1.

d
(
x, y

)
=√∑z

i=1

(
xi − yi

)2, (7)

In the equation, x and y represent two sample that will be calculated.
xi and yi are stand for the gene expression values of the relevant
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sample. z shows the number of gene expression values in the each
sample.

I (xi) =
(
1 − nx

nd

)
.
Lx
Rxi

, (8)

In the equation, X stands for the selected gene-subset, while xi
shows the i-th gene in this subset. nd and nx represent the total num-
ber of genes in the original data set and the number of selected genes
for X gene-subset, respectively. Lx expresses the LOOCV value of
gene-subset andRxi expresses the orderwhere the i genewas located
on the filter algorithm.

At the adaptation step of the GA, the genes that were selected by the
ensemble gene selection algorithm are subdivided into the subsets
in a way that they make random combinations (Figure 2). These
subsets form the GA chromosomes.

The fitness value of each chromosome following the adaptation step
is the LOOCV value that is obtained as a result of the classifica-
tion process made with the genes in the chromosome. However,

Figure 1 Ensemble gen selection flowchart.

while obtaining this LOOCV value, an ensemble classification algo-
rithmmade up of KNN, SVM, and Bayes is used instead of one sin-
gle algorithm. This algorithmmakes a new classification estimation
through majority voting by looking at the classification estimations
made by KNN, SVM, and Bayes for each sample (Figure 3). Euclid-
ian is used as distance measurement in KNN and nonlinear radial
basis function (RBF) is used for the kernel function of SVM.

Figure 2 Adaptation of genetic algorithm to the data set.

Figure 3 Flowchart of ensemble classifier incalculation of
fitness value (leave one out cross validation [LOOCV]) for
selected genes.
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In the crossover step of the GA, the roulette wheel method was
used for parent chromosome selection. Thanks to this, chromo-
somes with high fitness values which were computed in the previ-
ous step can transfer their genes to the next generation. As a result,
the probability of obtaining more successful child chromosomes
due to the crossover process is increased. The crossover process
takes place at various places. Meanwhile, new child chromosomes
are obtained by transferring random number of genes among chro-
mosomes. As mentioned before, genes with different significance
degrees can exist in the same gene pool due to the fact that genes at
different amounts are unified by numerous filter algorithms. While
using the mutation operator, the purpose was to mutate the genes
with high significance degree at a lower amount and to replace the
mutated genes with genes with higher significance degree. To that
end, the mutation steps provided in Figure 4 was created.

M shown in Figure 4 stands formutation rate, nx stands for the total
number of genes inside a chromosome, Xi stands for a gene inside a
chromosome, and Xrstands for a random gene from the gene pool.
The I function was given in Equation (8). After the loop works for
each gene in the population, the mutation step is completed.

After the mutation step, the fitness values of all chromosomes in
the population are computed again. The iteration is completed by
transferring the most successful chromosomes to the next genera-
tion. These steps are repeated until the desired fitness value or total
iteration number was reached. The pseudo code of the proposed
approach is presented in Algorithm 1.

Figure 4 Mutation step in the genetic algorithm.

Algorithm 1: Pseudocode for the proposed approach
1: Filtering
2: Grade all the genes separately through FCS, WRS and IG
3: Create new subsets that have different gene counts (2,3..10,20..100,200)
for each algorithm
4: Calculate success rate of the subsets through KNN
5: Select the most successful subsets for each filter algorithm,
6: Calculate Significance Degrees of each genes by using Equation (8)
7: Combine the three subsets into a new dataset and remove the unselected
genes
8: Representation
9: Consider genes selected and combined in the first step as Gene Pool
(Solution Domain)
10: Using permutation encoding use the order of these genes in the genes
of the GA (Figure 2)
11 Define Ng (gene count to be selected), Nc (population count)
12: Create chromosomes with randomly selected Ng genes in the pool
13: Create a population includes Nc chromosomes
14: Calculation of The Fitness Values
15:Do
16: For each C chromosome in the population
17: Retrieve the samples from the original data set
18: Use only genes that matched with the gene orders in the chromosome
19:Do
20: For each S sample in the data set
21: Take S apart from the data set and reserve the rest for training
22: Classify S as ALL or AML separately through each algorithm (KNN,
SVM, Bayes)
23: IF the number of ALL > 1 THEN the final decision is ALL ELSE the
final decision is AML
24: Compare the classification result with expected result
25: Fitness value of C chromosome = successful classification counts / total
sample count
26: Selection and Cross Over Step
27: Select two parent chromosome as P1 andP2 in the populationwith using
roulette wheel approach
28:Do
29: For each X gene in P1
30: Generate c1 between 0 and 1
31: IF c1 > CR (Cross over Rate) THEN exchange X gene with the gene
which is the same order in the P2 parent chromosome
32:Mutation Step
33:Do
34 For each X gene in the C chromosome
35: Generate m1 between 0 and 1
36: IFm1 < M (Mutation Rate)
37: THEN
38: Select random gene as Xr from the gene pool
39: Generate m2 between 0 and 1
40: IFm2 < I(Xr) THEN replace X gene with Xr ELSE go to 38
41: ELSE continue For loop in 34.
42: Evaluation Step
43: Calculate Fitness values of chromosomes as in 14
44: Select Top 20 chromosome for the next generation
45: IF fitness value or total iteration count reached expected values THEN
End ELSE go to 26

4. RESULTS

The model developed was coded on Visual Studio 2017 platform
using C# programming language. The test processes were per-
formed on a computer running on Intel i7-2670QM processor at
2.20 Ghz with 8 GB of RAM. Leukemia data set was used to assess
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the performance of the developedmodel. This data set contains data
related to tissue types taken from patients who were diagnosed with
two types of leukemia cancer [3]. Among a total of 72 different sam-
ples, there are two distinct class data as well as 7129 gene expression
values of acute myeloid leukemia (AML) and acute lymphoblastic
leukemia (ALL) patients. In this section, performance values, com-
parisons with similar studies in the literature, and biological signif-
icance of the findings obtained are provided, respectively.

4.1. Performance Values

In the first step, the genes that the ensemble gene filter algorithm
chooses are obtained by the gene grading of Fisher, WRS, and
IG algorithms. Gene-subsets with the highest classification perfor-
mance are selected by making gene selection processes at different
numbers. At this step, the graphic of LOOCV value that the gene
filter algorithms obtain through KNN according to different gene
numbers is presented in Figure 5. In Table 1, the best 15 perfor-
mances obtained are shown.

When the obtained LOOCV graphic is studied, although all the fil-
ter algorithms show a decreasing attitude if the number of genes
decrease, it is seen that the Fisher algorithm shows better results
than others if the selection of genes is less than 10.When the best 15
performance values that were obtained according to different gene
numbers are studied, it can be seen that the Fisher algorithm can
return the value of 98.61 LOOCV with only 9 genes while the IG
algorithm returns the same success rate with 100 genes and WRS
returns the same success rate with 150 genes. In parallel to the
decrease in the number of genes selected, the change in the dura-
tion for classification should also be taken into consideration.While
the mean duration of classification process with 500 genes was
285.3ms, the classification processes that weremadewith 9 selected
genes by the Fisher algorithm were made in only 6 ms, a very short
period of time. When the fact that elapsed time was 4000 ms with
7200 genes for the classification process of the original data set was
taken into consideration, the contribution of gene selection to the

deduction of the computation cost can be seen easily. In order to
both have the best classification success and to reduce the compu-
tation cost and duration, a second step in which fewer genes are
selected is needed. To that end, these genes that were obtained by
three algorithms are combined into an ensemble gene through a fil-
ter algorithm by computing their level of significance. Thus, a new
data set consisting of 259 genes was obtained. Later, this new data
set was submitted into the input of the GA that works on the second
step. The classification process was done through KNN algorithm
by using the genes that were determined by the GA. The data set
was divided into two parts as 80% training part and 20% test part
in order to measure the classification success. For a detailed review
of the classification performance, LOOCV, k5-fold, and k10-fold
cross validation processes were performed, just as in the first step.
The mutation rate of the GA’s initial parameters was determined
as 0.09, while the crossover rate was determined as 0.35. The pop-
ulation number of the GA was determined as 20 so that sufficient

Table 1 Best 15 performance values of the three gene filter algorithm.

Filter LOOCV Selected Genes AUC Time 5-Fold 10-Fold

Fisher 98.61 9 0.98 6 98.57 98.57
Fisher 98.61 10 0.98 7 98.57 98.57
IG 98.61 100 0.98 56 97.24 98.57
Fisher 98.61 100 0.98 56 98.57 98.57
WRS 98.61 150 0.98 87 98.57 98.57
Fisher 98.61 150 0.98 83 98.57 98.57
IG 98.61 250 0.98 141 98.57 98.57
WRS 98.61 250 0.98 140 98.57 98.57
Fisher 98.61 250 0.98 140 98.57 98.57
IG 98.61 500 0.98 288 97.14 98.57
WRS 98.61 500 0.98 281 98.57 98.57
Fisher 98.61 500 0.98 287 98.57 98.57
Fisher 97.22 2 0.97 2 97.14 97.14
WRS 97.22 3 0.97 3 95.81 97.14
Fisher 97.22 3 0.97 3 97.14 97.14
LOOCV, leave one out cross validation; IG, information gain; WRS, Wilcoxon rank sum;
AUC, Area under the curve.

Figure 5 Classification accuracy (leave one out cross validation [LOOCV])
chart of the three gene filter algorithm.
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amount of different solution sets can be studied. The halting cri-
teria was determined as conditions of 1000 iterations or of reach-
ing 100% fitness value. Mean values were taken after repeating gene
selection, classification, and cross validation processes through GA
100 times. The results obtained were presented in Table 2.

While the highest success rate could be obtained at 98.61 in the first
step, this rate raised to 100% thanks to the genes that were selected
by the developed algorithm.

Moreover, obtaining this success rate with less genes provided a sig-
nificant gain in the computation cost and duration (approximately
2.5 ms for 2 and 3 genes). As a result, although the optimum gene
number/performance valuewas obtained for 2 genes, it can be easily
understood that selected three genes yield better results when cross
validations are taken into account. The halting condition of the GA
when it reaches 1000 iteration never occurred since the fitness value
of the selected genes reaches 100% at previous iterations. It was
observed that the maximum iteration number was 845, minimum
iteration number was 1 and mean iteration number was 173.95.

Cross validation values that were obtained for 100 different gene
selections were shown on boxplot in Figure 6 so that they can
be studied in detail. When the new data set that was created by
selecting three genes is transferred on a 3-dimensional distribution
graphic (Figure 7), the contribution to the differentiation of ALL
and AML cancers samples can be observed. On the graphic, each

Table 2 GA/KNN test and cross validation results.

Selected
Genes

Test ACC Test
AUC

LOOCV LOOCV
AUC

5-Fold 10-Fold

5 100 1 100 1 98.57 97.14
4 100 1 100 1 97.33 97.32
3 100 1 100 1 98.64 99.15
2 100 1 100 1 98.57 97.14

LOOCV, leave one out cross validation; GA, genetic algorithm; KNN, K nearest neighbor;
ACC, Accuracy.

shape represents a sample x-axis, y-axis, and z-axis represent nor-
malized expression value of the 1st, 2nd, and 3rd genes, respectively.

As a result of the gene selection processes that were made by the
developed model, KNN was preferred due to the fact that it is a
fast and successful algorithm to classify Leukemia data set. Further-
more, the selected genes were tested with other types of classifica-
tion algorithms in addition to KNN in order to control whether
the developedmodel is independent from classification algorithms.
All the obtained results are presented in Table 3. after computing
the Kappa and root mean square error (RMSE) values of the clas-
sification processes. When the results are studied, it is seen that
KNN, SVM, and ANN return the same classification success and
AUC value while other algorithms provide similar results. When
the KAPPA value is studied, it can be uttered that all the algo-
rithms are over 0.75, which is a critical value for kappa, and there-
fore they perform a successful classification process. Finally, when
the RMSE values are studied, it is observed that all the algorithms
obtain an acceptable error value. As a result, that the selected genes
have successful results along with different classification algorithms
sets forth the fact that the developed approach is independent from
classifier. The ensemble classifier in the developed approach was
also compared with individual algorithms and the results obtained
after selecting three genes were given in Table 4. The results show
that ensemble classifier achieves more successful results than 3 sep-
arate algorithms.

Table 3 Performance values obtained from KNN and different classifiers
(5-fold).

Classifier Acc. % AUC Kappa RMSE

KNN 98.57 1 0.967 0.085
SVM 98.57 1 0.967 0.215
Naive Bayes 97.14 0.996 0.935 0.125
Linear regression 94.38 1 0.872 0.643
ANN 98.57 1 0.967 0.129
Random forest 95.90 0.991 0.912 0.150
KNN, K nearest neighbor; SVM, support vector machine; RMSE, root mean square error;
ANN, Artificial Neural Network.

Figure 6 Boxplots for cross validation on 3 genes.
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Figure 7 Selected genes in scatter plot.

Table 4 Comprasion of cross validation results of ensemble and three
individual algorithm.

Algorithm LOOCV ACC LOOCV AUC 5-Fold 10-Fold

KNN 98.61 0.980 98.57 98.57
SVM 98.61 0.989 97.14 97.14
Bayes 95.83 0.968 98.57 98.57
Ensemble 100 1 98.64 99.15

KNN, K nearest neighbor; SVM, support vector machine.

4.2. Performance Comparison

The developed approach deployed only two genes and while it pro-
vides a higher test classification success with a smaller number of
genes thanmost of themethods provided in the literature for classi-
fying Leukemia data set, it obtained the same test values withGALA
[31] and Eu [20] algorithms. When the LOOCV values provided
in the literature are studied, it can be understood in Table 5. that
the developed approach obtained the most successful performance
with the lowest number of genes. When the 5-fold data is stud-
ied, although the developed approach is more successful than most
approaches in the literature, onlyMBPSO [32] algorithm had a bet-
ter score. Despite a comparison was attempted for 10-fold, only one
study in the literature provides this value. In this study, while 100%
10-fold value was obtained with 10 genes using theMSFCM+WNN
[33] algorithm, this percentage is 97.14% with 2 genes and 99.15
with 3 genes using the developed approach.

4.3. Biological Significance

Revealing gene-cancer and gene–gene relationship has a significant
role in cancer studies. Therefore, it was attempted to confirm the
relationship between these genes and cancer by studying the bio-
logical basics of the genes which are successful at differentiating
ALL and AML diseases—types of Leukemia—through the devel-
oped approach.

The genes that the developed approach selects the most at the end
of one hundred iterations as well as the selection frequencies are
provided in Figure 8. In order to examine the gene expression values
that belong to different samples of the most selected genes, a heat
map of these genes was created (Figure 9). While creating this heat
map, average linkage was used as clustering method and Euclidian
was used as distancemeasurement.When the heatmap is studied, it
can clearly be seen that the selected genes have different expression
levels on ALL and AML samples and that this condition is vital in
differentiating these two diseases. Thanks to the matchings on the
top section of the heat map, the correlation values among the genes
can also be studied.

The real names of the genes that are selected the most were taken
from the gene names database ofHUGOGeneNomenclature Com-
mittee at the European Bioinformatics Institute [53] and the infor-
mation concerning the functions of the genes was taken from the
database of Gene Ontology Annotation of European Bioinformat-
ics Institute [54]. The information obtained was merged and pre-
sented in Table 6. ZYX gene was qualified as an oncogene in the
previous studies and was associated with Leukemia cancer [3,55].
In their study, as a result of their findings, Vargova et al. [56]—by
studying theMARCKSL gene—indicated that the gene is oncogenic
and that it is a significant biomarker for lymphoma and leukemia.
In various other studies, it was also shared that theMARCKSL gene
is related to Leukemia [57–59]. Moreover, it was previously shared
that the APLP2 gene shows an overexpression against cancer cells
generally and that it is related to the increase in the number of tumor
cells. Furthermore, it was previously mentioned that the genes in
the APLP group have a significant role in the rise of cell migration
of AML type Leukemia cells [60,61]. In their study, Kracmarova
et al. [62] detected that the NME4 gene which has a high gene
expression value is related to AML cancer at terminal levels and that
this gene plays an important role in the rise of tumor levels of NME
group genes. When the CD33 gene is studied, there are many sci-
entific studies that target this gene for AML treatment [63–65]. In
these studies, it was emphasized that expression values that belong
to this gene were measured at 90% of AML patients. When the sci-
entific works that were carried out for CCND3 gene are studied, it is
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Figure 8 Frequency of most selected genes after 100 repeats.

Figure 9 Leukemia heatmap for most selected 8 genes.
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Table 5 Comparison of the proposed approach for leukemia dataset with previous methods in the literature.

Methods Selected Genes Test ACC. LOOCV 5-Fold 10-Fold

GALA [31] 2 100 – – –
Eu [20] 2 100 – – –
GBC [34] 4 100 – – –
IBPSO [35] 4 100 – – –
E1 [20] 12 100 – – –
SLLE-SC2 [36] 5 99.70 – – –
M-SVM [37] 7 98.82 – – –
PSO + Adaptive KNN [16] 3 97.06 – 95.89 –
IG-SGA [38] 3 97.06 – – –
SVM+RFE [39] 4 97.06 – – –
SMMDA/KNN [40] 8 96.88 – – –
Bagboost [41] 200 95.92 – – –
HPSO TS [42] 7 95.81 – – –
SLR [43] 7 95.51 – – –
Pure TS [42] 5 94.24 – – –
AEN-CMI [44] 26.85 91.05 – – –
GA/SVM [45] 6 – 100 – –
GA/SVM [46] 7 – 100 – –
MMACO/SVM [47] 6,3 – 100 – –
ACO/SVM [47] 8,6 – 100 – –
SNR/SVM [47] 100 – 100 – –
IG+GA/KNN [48] 203 – 100 – –
GS2/KNN [49] 10/85 – 98.60 97.10 –
GS1/KNN [49] 60/100 – 98.60 97.90 –
SVM [50] 500 – 94.10 – –
MBPSO [32] 2 – – 100
MSFCM+WNN [33] 10 – – – 100
GSA [51] 10 – – 100 –
SWKC [52] 14.2 – – (3Fold) 98.20 –
Proposed approach 2 100 100 98.57 97.14

3 100 100 98.64 99.15

KNN, K nearest neighbor; SVM, support vector machine; IG, information gain.

understood that mutations that occur in this gene in many types of
Leukemia are also seen here [66,67]. In their study stretching over
20 years, Lin et al. [68] confirmed that the gene rearrangements
that occur in TCF3 gene have a positive contribution to the sur-
vival rate of ALL patients. In a study byMirkowska et al. [69], it was
observed that the CD63 gene has a high expression value in cells
with ALL disease when compared to the healthy cells. As a result, it
was also validated by the previously studies that all of the genes that
are selected the most by the developed approach are oncogene and
that they play an active role in the formation of Leukemia as well as
in detecting and in treating it.

5. DISCUSSION

Micro array data have an indispensable role in cancer studies. The
fact that micro array data have the expression values of thousands
of genes provides a significant advantage in revealing the relation-
ship between cancer and genes. However, in order to benefit from
this advantage, cancer-related genesmust be precisely selected from
a huge pool of genes. At this point, gene filter approaches provide a
fast solution. It is deduced that genes with high values are related to
cancer by grading statistically significant genes through thesemeth-
ods. Then these genes are selected. At this step, geneswith lower val-
ues but also related to cancer may be eliminated. By using ensemble
methods and algorithms with different grading methods together,
the selected gene pool can be enlarged in a way to cover all the sig-
nificant genes. In this case, the number of selected genes and the

possibility of genes with less significance to be selected increase. As
a result of this, noise can emerge, and this can negatively affect the
classification success in the data set. In order to overcome this hin-
drance, although wrapper approaches are recommended as a sec-
ond step, undesired genes in the data set as well as the data set
size have a negative effect on the success of these approaches. To
solve this problem, different from previous studies, a computation
of significance degree for the selected genes in the first step was
suggested. It was made possible for the GA used for the wrapper
approach in the second step to make a mutation process by taking
the significance degree into account while analyzing the solution
set. Therefore, it was made possible for the classification success to
be obtained with fewer genes by minimizing the noise and for the
GA to reach the result with fewer process steps. The GA suggested
in the study completed the gene selection processes at 100% success
rate through 173.95 mean iterations.

Another point that this study focuses is to determine the fitness
function ofGA.Determining the fitness function has a critical place
in the success of gene selection process. A fitness function that can-
notmeasure the significance of the genes cannot carry out a success-
ful gene selection process. Classification success that is obtained by
only one classification algorithm is widely used in computing the
fitness value of GA. This method where only test process is carried
out may also often face the overtraining problem of the classifica-
tion algorithm Two different processes were made to overcome this
problem. Initially, rather than using one single classification algo-
rithm, an ensemble classification algorithmmade up ofKNN, SVM,
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Table 6 Descriptions and functions of selected genes.

Selected Gene Symbol Name Functions

X95735_at ZYX Zyxin RNA binding, metal ion binding, protein binding
HG1612-
HT1612_at

MARCKSL1 MARCKS like 1 Actin binding, calmodulin binding, protein binding

L09209_s_at APLP2 Amyloid beta precursor-like
protein 2

Heparin binding, identical protein binding, protein binding, serine-type
endopeptidase inhibitor activity, transition metal ion binding

Y07604_at NME4 NME/NM23 nucleoside
diphosphate kinase 4

ATP binding, cardiolipin binding, metal ion binding, nucleoside diphosphate
kinase activity, protein binding

M23197_at CD33 CD33 molecule Carbohydrate binding, protein binding, protein phosphatase binding, sialic
acid binding, signaling receptor activity

M92287_at CCND3 Cyclin D3 Cyclin-dependent protein serine/threonine kinase activity, cyclin-dependent
protein serine/threonine kinase regulator activity, protein binding,
contributes_to protein kinase activity, protein kinase binding, protein
kinase binding

M31523_at TCF3 Transcription factor 3 DNA binding, transcription factor activity, transcription repressor activity,
E-box binding, RNA polymerase II proximal promoter sequence-specific
DNA binding, bHLH transcription factor binding, enhancer binding,
mitogen-activated protein kinase binding, protein binding, protein
heterodimerization, protein homodimerization

X62654_rna1_at CD63 CD63 molecule Protein binding

and Naive Bayes algorithms was deployed while computing the fit-
ness value. The success of this algorithm that estimate classification
by majority voting was used in computing the fitness value. In the
second place, LOOCV cross validation process was performed with
the selected classification algorithm instead of one single test pro-
cess. By this means, the developed algorithm was secured against
the overtraining problem. Yet, it should be kept in mind that the
suggested precautions increase the process cost on each iteration of
GA.

6. CONCLUSIONS

In this study, a new hybrid and ensemble gene selection approach
with an enhanced GA was proposed in order to select the most
related genes to leukemia cancer and to classify cancer data by
using these selected genes. Thanks to the developed algorithm, the
genes with which leukemia cancer is associated are determined.
These genes are ZYX,MARCKSL1, APLP2,NME4, CD33, CCND3,
TCF3, and CD63. Additionally, the relationships between these
genes were revealed and presented with a leukemia heatmap. In the
classification process, AML and ALL types of leukemia cancer were
classified with 100% success rate. When the proposed approach is
compared to previous studies, it is seen that our study proves to be
themost successful one with 100% LOOCV value by using only two
genes.

In our study, a new equation was proposed to determine the impor-
tance of the genes selected in the filtering stage. The importance
levels of the genes were used by the mutation operator; thus, the
iteration number of the GA was reduced and by this way, the muta-
tion operator was used more efficiently.

Due to the high-dimensional property, there is a challenging limita-
tion in the micro array data, also known as the curse of dimension-
ality. This problem occurs while the number of attributes in each
sample is too high and the total number of samples is insufficient.
Besides that, it should be kept in mind that the gene selection pro-
cesses that take a long time because more than one algorithm was
used in the approach and also the study had an iterative structure.

Thanks to the developed approach, different cancer datasets with
two class parameters can be classified, and gene–gene, cancer–gene
relationships of different cancers can be revealed. Since the devel-
oped algorithms work with two classes, it performs in binary clas-
sification. In future studies, filtering methods can be enhanced to
work in datasets with more than two classes, and new filtering
approaches can be used in the ensemble approach.

CONFLICTS OF INTEREST

The authors declare that there is no conflict of interest.

AUTHORS’ CONTRIBUTIONS

Mehmet BİLEN and Ali Hakan IŞIK designed the study, performed
the experiments and wrote the paper. Tuncay YİĞİT reviewed
and edited the manuscript. All authors read and approved the
manuscript.

Funding Statement

The authors received no specific funding for this work.

ACKNOWLEDGMENTS

The authors are grateful to the reviewers for valuable comments that helped
to improve the paper.

REFERENCES

[1] A.S. Davis, A.J. Viera, M.D. Mead, Leukemia: an overview for pri-
mary care, Am. Fam. Phys. 89 (2014), 731–738.

[2] Cancer Facts & Figures 2019, American Cancer Society Inc.,
Atlanta: American Cancer Society, 2019, pp. 1–8.



M. Bilen et al. / International Journal of Computational Intelligence Systems 13(1) 1554–1566 1565

[3] T.R. Golub,D.K. Slonim, P. Tamayo, C.Huard,M.Gaasenbeek, J.P.
Mesirov, et al., Molecular classification of cancer: class discovery
and class prediction by gene expression monitoring, Science. 286
(1999), 531–537.

[4] X. Zhou, D.P. Tuck, MSVM-RFE: extensions of SVM-RFE for
multiclass gene selection on DNA microarray data, Bioinformat-
ics. 23 (2007), 1106–1114.

[5] M. Dash, H. Liu, Feature selection for classification, Intell. Data
Anal. 1 (1997), 131–156.

[6] M. Dashtban, M. Balafar, P. Suravajhala, Gene selection for tumor
classification using a novel bio-inspiredmulti-objective approach,
Genomics. 110 (2018), 10–17.

[7] F. Vafaee Sharbaf, S. Mosafer, M.H. Moattar, A hybrid gene selec-
tion approach for microarray data classification using cellular
learning automata and ant colony optimization, Genomics. 107
(2016), 231–238.

[8] Y. Masoudi-Sobhanzadeh, H. Motieghader, A. Masoudi-Nejad,
FeatureSelect: a software for feature selection based on machine
learning approaches, BMC Bioinf. 20 (2019).

[9] H. Liu, L. Liu, H. Zhang, Ensemble gene selection for cancer clas-
sification, Pattern Recognit. 43 (2010), 2763–2772.

[10] R. Ruiz, J.C. Riquelme, J.S. Aguilar-Ruiz, M. García-Torres,
Fast feature selection aimed at high-dimensional data via
hybrid-sequential-ranked searches, Expert Syst. Appl. 39 (2012),
11094–11102.

[11] M. Dashtban, M. Balafar, Gene selection for microarray cancer
classification using a new evolutionary method employing artifi-
cial intelligence concepts, Genomics. 109 (2017), 91–107.

[12] Z. Wang, Neuro-fuzzy modeling for microarray cancer gene
expression data, in Proceedings of the Second International Sym-
posium on Evolving Fuzzy Systems, Ambleside, UK, 2005, pp.
241–246.

[13] C. Liao, S. Li, Z. Luo, Gene selection for cancer classification using
Wilcoxon rank sum test and support vector machine’, in Proceed-
ings of the International Conference on Computational Intelli-
gence and Security, Guangzhou, China, 2006, pp. 368–373.

[14] Y. Wang, X. Chen, W. Jiang, L. Li, W. Li, L. Yang, et al., Predict-
ing human microRNA precursors based on an optimized feature
subset generated by GA–SVM, Genomics. 98 (2011), 73–78.

[15] L. Gao,M. Ye, X. Lu, D.Huang,Hybridmethod based on informa-
tion gain and support vector machine for gene selection in cancer
classification, Genomics Proteomics Bioinf. 15 (2017), 389–395.

[16] S. Kar, K. Das Sharma, M. Maitra, Gene selection from microar-
ray gene expression data for classification of cancer subgroups
employing PSO and adaptive K-nearest neighborhood technique,
Expert Syst. Appl. 42 (2015), 612–627.

[17] C.-P. Lee, Y. Leu, A novel hybrid feature selection method for
microarray data analysis, Appl. Soft Comput. 11 (2011), 208–213.

[18] K.-J. Kim, S.-B. Cho, An evolutionary algorithm approach to opti-
mal ensemble classifiers for DNA microarray data analysis, IEEE
Trans. Evol. Comput. 12 (2008), 377–388.

[19] V. Bolón-Canedo, A. Alonso-Betanzos, Ensembles for feature
selection: a review and future trends, Inf. Fusion. 52 (2019), 1–12.

[20] M. Ghosh, S. Adhikary, K.K. Ghosh, A. Sardar, S. Begum,
R. Sarkar, Genetic algorithm based cancerous gene identification
frommicroarray data using ensemble of filtermethods,Med. Biol.
Eng. Comput. 57 (2018), 159–176.

[21] S. Wu, H. Jiang, H. Shen, Z. Yang, Gene selection in cancer classi-
fication using sparse logistic regression with L1/2 regularization,
Appl. Sci. 8 (2018), 1569.

[22] M. Mollaee, M.H. Moattar, A novel feature extraction approach
based on ensemble feature selection and modified discriminant
independent component analysis for microarray data classifica-
tion, Biocybern. Biomed. Eng. 36 (2016), 521–529.

[23] K.-H. Liu, B. Li, J. Zhang, J.-X. Du, Ensemble component selec-
tion for improving ICA basedmicroarray data predictionmodels,
Pattern Recognit. 42 (2009), 1274–1283.

[24] M. Xiong, X. Fang, J. Zhao, Biomarker identification by feature
wrappers, Genome Res. 11 (2001), 1878–1887.

[25] Q. Gu, Z. Li, J. Han, Generalized fisher score for feature selec-
tion, in Proceedings of the Twenty-Seventh Conference on
Uncertainty in Artificial Intelligence, Arlington, VA, USA, 2011,
pp. 266–273.

[26] R.O. Duda, P.E. Hart, D.G. Stork, Pattern Classification, Wiley
Interscience, New York, United States, 2001.

[27] T.M. Mitchell, Machine Learning, Mcgraw Hill, New York, NY,
USA, 2017.

[28] C.E. Shannon, A mathematical theory of communication, Bell
Syst. Tech. J. 27 (1948), 379–423.

[29] J. Huang, Y. Cai, X. Xu, A hybrid genetic algorithm for feature
selection wrapper based on mutual information, Pattern Recog-
nit. Lett. 28 (2007), 1825–1844.

[30] J.H. Holland, Adaptation in Natural and Artificzial Systems: an
Introductory Analysis with Applications to Biology, Control, and
Artificial Intelligence, MIT Press, Cambridge, MA, USA, 1992.

[31] H. Motieghader, A. Najafi, B. Sadeghi, A. Masoudi-Nejad, A
hybrid gene selection algorithm for microarray cancer classifi-
cation using genetic algorithm and learning automata, Inf. Med.
Unlocked. 9 (2017), 246–254.

[32] M.S. Mohamad, S. Omatu, S. Deris, M. Yoshioka, A modified
binary particle swarm optimization for selecting the small subset
of informative genes from gene expression data, IEEE Trans. Inf.
Technol. Biomed. 15 (2011), 813–822.

[33] Z. Zainuddin, P. Ong, Reliable multiclass cancer classification of
microarray gene expression profiles using an improved wavelet
neural network, Expert Syst. Appl. 38 (2011), 13711–13722.

[34] H.M. Alshamlan, G.H. Badr, Y.A. Alohali, Genetic Bee Colony
(GBC) algorithm: a new gene selection method for microarray
cancer classification, Comput. Biol. Chem. 56 (2015), 49–60.

[35] I. Jain, V.K. Jain, R. Jain, Correlation feature selection based
improved-binary particle swarm optimization for gene selec-
tion and cancer classification, Appl. Soft Comput. 62 (2018),
203–215.

[36] J. Xu, H. Mu, Y. Wang, F. Huang, Feature genes selection using
supervised locally linear embedding and correlation coefficient
for microarray classification, Comput. Math. Methods Med. 2018
(2018), 1–11.

[37] S.K. Baliarsingh, W. Ding, S. Vipsita, S. Bakshi, A memetic algo-
rithm using emperor penguin and social engineering optimiza-
tion for medical data classification, Appl. Soft Comput. 85 (2019),
105773.

[38] H. Salem, G. Attiya, N. El-Fishawy, Classification of human can-
cer diseases by gene expression profiles, Appl. Soft Comput. 50
(2017), 124–134.

[39] L.M. Fu,C.S. Fu-Liu, Evaluation of gene importance inmicroarray
data based upon probability of selection, BMC Bioinf. 6 (2005),
67.

[40] Y. Cui, C.-H. Zheng, J. Yang, W. Sha, Sparse maximum margin
discriminant analysis for feature extraction and gene selection on
gene expression data, Comput. Biol. Med. 43 (2013), 933–941.

https://doi.org/10.1126/science.286.5439.531
https://doi.org/10.1126/science.286.5439.531
https://doi.org/10.1126/science.286.5439.531
https://doi.org/10.1126/science.286.5439.531
https://doi.org/10.1093/bioinformatics/btm036
https://doi.org/10.1093/bioinformatics/btm036
https://doi.org/10.1093/bioinformatics/btm036
https://doi.org/10.3233/IDA-1997-1302
https://doi.org/10.3233/IDA-1997-1302
https://doi.org/10.1016/j.ygeno.2017.07.010
https://doi.org/10.1016/j.ygeno.2017.07.010
https://doi.org/10.1016/j.ygeno.2017.07.010
https://doi.org/10.1016/j.ygeno.2016.05.001
https://doi.org/10.1016/j.ygeno.2016.05.001
https://doi.org/10.1016/j.ygeno.2016.05.001
https://doi.org/10.1016/j.ygeno.2016.05.001
https://doi.org/10.1186/s12859-019-2754-0
https://doi.org/10.1186/s12859-019-2754-0
https://doi.org/10.1186/s12859-019-2754-0
https://doi.org/10.1016/j.patcog.2010.02.008
https://doi.org/10.1016/j.patcog.2010.02.008
https://doi.org/10.1016/j.eswa.2012.03.061
https://doi.org/10.1016/j.eswa.2012.03.061
https://doi.org/10.1016/j.eswa.2012.03.061
https://doi.org/10.1016/j.eswa.2012.03.061
https://doi.org/10.1016/j.ygeno.2017.01.004
https://doi.org/10.1016/j.ygeno.2017.01.004
https://doi.org/10.1016/j.ygeno.2017.01.004
https://doi.org/10.1109/ISEFS.2006.251144
https://doi.org/10.1109/ISEFS.2006.251144
https://doi.org/10.1109/ISEFS.2006.251144
https://doi.org/10.1109/ISEFS.2006.251144
https://doi.org/10.1109/ICCIAS.2006.294156
https://doi.org/10.1109/ICCIAS.2006.294156
https://doi.org/10.1109/ICCIAS.2006.294156
https://doi.org/10.1109/ICCIAS.2006.294156
https://doi.org/10.1016/j.ygeno.2011.04.011
https://doi.org/10.1016/j.ygeno.2011.04.011
https://doi.org/10.1016/j.ygeno.2011.04.011
https://doi.org/10.1016/j.gpb.2017.08.002
https://doi.org/10.1016/j.gpb.2017.08.002
https://doi.org/10.1016/j.gpb.2017.08.002
https://doi.org/10.1016/j.eswa.2014.08.014
https://doi.org/10.1016/j.eswa.2014.08.014
https://doi.org/10.1016/j.eswa.2014.08.014
https://doi.org/10.1016/j.eswa.2014.08.014
https://doi.org/10.1016/j.asoc.2009.11.010
https://doi.org/10.1016/j.asoc.2009.11.010
https://doi.org/10.1109/TEVC.2007.906660
https://doi.org/10.1109/TEVC.2007.906660
https://doi.org/10.1109/TEVC.2007.906660
https://doi.org/10.1016/j.inffus.2018.11.008
https://doi.org/10.1016/j.inffus.2018.11.008
https://doi.org/10.1007/s11517-018-1874-4
https://doi.org/10.1007/s11517-018-1874-4
https://doi.org/10.1007/s11517-018-1874-4
https://doi.org/10.1007/s11517-018-1874-4
https://doi.org/10.3390/app8091569
https://doi.org/10.3390/app8091569
https://doi.org/10.3390/app8091569
https://doi.org/10.1016/j.bbe.2016.05.001
https://doi.org/10.1016/j.bbe.2016.05.001
https://doi.org/10.1016/j.bbe.2016.05.001
https://doi.org/10.1016/j.bbe.2016.05.001
https://doi.org/10.1016/j.patcog.2009.01.021
https://doi.org/10.1016/j.patcog.2009.01.021
https://doi.org/10.1016/j.patcog.2009.01.021
https://doi.org/10.1101/gr.190001
https://doi.org/10.1101/gr.190001
https://doi.org/10.1002/j.1538-7305.1948.tb01338.x
https://doi.org/10.1002/j.1538-7305.1948.tb01338.x
https://doi.org/10.1016/j.patrec.2007.05.011
https://doi.org/10.1016/j.patrec.2007.05.011
https://doi.org/10.1016/j.patrec.2007.05.011
https://doi.org/10.7551/mitpress/1090.001.0001
https://doi.org/10.7551/mitpress/1090.001.0001
https://doi.org/10.7551/mitpress/1090.001.0001
https://doi.org/10.1016/j.imu.2017.10.004
https://doi.org/10.1016/j.imu.2017.10.004
https://doi.org/10.1016/j.imu.2017.10.004
https://doi.org/10.1016/j.imu.2017.10.004
https://doi.org/10.1109/TITB.2011.2167756
https://doi.org/10.1109/TITB.2011.2167756
https://doi.org/10.1109/TITB.2011.2167756
https://doi.org/10.1109/TITB.2011.2167756
https://doi.org/10.1016/j.eswa.2011.04.164
https://doi.org/10.1016/j.eswa.2011.04.164
https://doi.org/10.1016/j.eswa.2011.04.164
https://doi.org/10.1016/j.compbiolchem.2015.03.001
https://doi.org/10.1016/j.compbiolchem.2015.03.001
https://doi.org/10.1016/j.compbiolchem.2015.03.001
https://doi.org/10.1016/j.asoc.2017.09.038
https://doi.org/10.1016/j.asoc.2017.09.038
https://doi.org/10.1016/j.asoc.2017.09.038
https://doi.org/10.1016/j.asoc.2017.09.038
https://doi.org/10.1155/2018/5490513
https://doi.org/10.1155/2018/5490513
https://doi.org/10.1155/2018/5490513
https://doi.org/10.1155/2018/5490513
https://doi.org/10.1155/2018/5490513
https://doi.org/10.1155/2018/5490513
https://doi.org/10.1155/2018/5490513
https://doi.org/10.1155/2018/5490513
https://doi.org/10.1016/j.asoc.2016.11.026
https://doi.org/10.1016/j.asoc.2016.11.026
https://doi.org/10.1016/j.asoc.2016.11.026
https://doi.org/10.1186/1471-2105-6-67
https://doi.org/10.1186/1471-2105-6-67
https://doi.org/10.1186/1471-2105-6-67
https://doi.org/10.1016/j.compbiomed.2013.04.018
https://doi.org/10.1016/j.compbiomed.2013.04.018
https://doi.org/10.1016/j.compbiomed.2013.04.018


1566 M. Bilen et al. / International Journal of Computational Intelligence Systems 13(1) 1554–1566

[41] M. Dettling, BagBoosting for tumor classification with gene
expression data, Bioinf. 20 (2004), 3583–3593.

[42] Q. Shen,W.-M. Shi,W. Kong, Hybrid particle swarm optimization
and tabu search approach for selecting genes for tumor classifica-
tion using gene expression data, Comput. Biol. Chem. 32 (2008),
53–60.

[43] Z.Y. Algamal, M.H. Lee, A two-stage sparse logistic regression for
optimal gene selection in high-dimensional microarray data clas-
sification, Adv. Data Anal. Classif. 13 (2018), 753–771.

[44] Y. Wang, X.-G. Yang, Y. Lu, Informative gene selection for
microarray classification via adaptive elastic net with conditional
mutual information, Appl. Math. Model. 71 (2019), 286–297.

[45] S. Peng, Q. Xu, X.B. Ling, X. Peng,W.Du, L. Chen,Molecular clas-
sification of cancer types from microarray data using the combi-
nation of genetic algorithms and support vector machines, FEBS
Lett. 555 (2003), 358–362.

[46] S. Li, X. Wu, X. Hu, Gene selection using genetic algorithm and
support vectors machines, Soft Comput. 12 (2008), 693–698.

[47] H. Yu, G. Gu, H. Liu, J. Shen, J. Zhao, A modified ant colony opti-
mization algorithm for tumor marker gene selection, Genomics
Proteomics Bioinf. 7 (2009), 200–208.

[48] C.-S. Yang, L.-Y. Chuang, C.-H. Ke, C.-H. Yang, A hybrid feature
selectionmethod formicroarray classification, Int. J. Comput. Sci.
35 (2008), 285–290.

[49] K. Yang, Z. Cai, J. Li, G. Lin, A stable gene selection in microarray
data analysis, BMC Bioinf. 7 (2006), 228.

[50] T.S. Furey, N. Cristianini, N. Duffy, D.W. Bednarski,
M. Schummer, D. Haussler, Support vector machine classifica-
tion and validation of cancer tissue samples using microarray
expression data, Bioinformatics. 16 (2000), 906–914.

[51] P. Ganesh Kumar, T. Aruldoss Albert Victoire, P. Renukadevi,
D. Devaraj, Design of fuzzy expert system for microarray data
classification using a novel genetic swarm algorithm, Expert Syst.
Appl. 39 (2012), 1811–1821.

[52] J. Shim, I. Sohn, S. Kim, J.W. Lee, P.E. Green, C. Hwang, Selecting
marker genes for cancer classification using supervised weighted
kernel clustering and the support vector machine, Comput. Stat.
Data Anal. 53 (2009), 1736–1742.

[53] HUGO, Gene Nomenclature Committee. 2020. https://www.
genenames.org

[54] GOA, European Bioinformatics Institute. 2020. https://www.ebi.
ac.uk/GOA/

[55] C. Zhong, J. Yu, D. Li, K. Jiang, Y. Tang, M. Yang, et al., Zyxin as
a potential cancer prognostic marker promotes the proliferation
and metastasis of colorectal cancer cells, J. Cellular Physiol. 234
(2019), 15775–15789.

[56] J. Vargova, K. Vargova, N. Dusilkova, V. Kulvait, V. Pospisil,
J. Zavadil, M. Trneny, P. Klener, T. Stopka, Differential expres-
sion, localization and activity of MARCKS between mantle cell
lymphoma and chronic lymphocytic leukemia, Blood Cancer J. 6
(2016), e475.

[57] N. Franke, G.J.L. Kaspers, Y.G. Assaraf, J. Van Meerloo,
D. Niewerth, T.M. Horton, et al., Marcks marks resistance to pro-
teasome inhibitors: exocytosis of polyubiquitinated proteins in
bortezomib-resistant leukemia cells, Blood. 126 (2015), 3712.

[58] N.C. Gutiérrez, E.M. Ocio, J. de las Rivas, P. Maiso, M. Delgado,
E. Fermiñán, et al., Gene expression profiling of B lymphocytes
and plasma cells from Waldenström’s macroglobulinemia: com-
parison with expression patterns of the same cell counterparts
from chronic lymphocytic leukemia, multiple myeloma and nor-
mal individuals, Leukemia. 21 (2007), 541–549.

[59] N.E. Franke, G.L. Kaspers, Y.G. Assaraf, J. van Meerloo,
D. Niewerth, F.L. Kessler, et al., Exocytosis of polyubiquitinated
proteins in bortezomib-resistant leukemia cells: a role for MAR-
CKS in acquired resistance to proteasome inhibitors, Oncotarget.
7 (2016), 74779–74796.

[60] P. Pandey, B. Sliker, H.L. Peters, A. Tuli, J. Herskovitz, K. Smits,
et al., Amyloid precursor protein and amyloid precursor-like pro-
tein 2 in cancer, Oncotarget. 7 (2016), 19430–19444.

[61] L. Jiang, G. Yu, W. Meng, Z. Wang, F. Meng, W. Ma, Overex-
pression of amyloid precursor protein in acute myeloid leukemia
enhances extramedullary infiltration by MMP-2, Tumor Biol. 34
(2012), 629–636.

[62] A. Kracmarova, J. Cermak, R. Brdicka, H. Bruchova, High expres-
sion of ERCC1, FLT1, NME4 and PCNA associated with poor
prognosis and advanced stages in myelodys plastic syndrome,
Leukemia Lymphoma. 49 (2008), 1297–1305.

[63] R.B. Walter, F.R. Appelbaum, E.H. Estey, I.D. Bernstein, Acute
myeloid leukemia stem cells and CD33-targeted immunotherapy,
Blood. 119 (2012), 6198–6208.

[64] I.D. Bernstein, CD33 as a target for selective ablation of acute
myeloid leukemia, Clin. Lymphoma. 2 (2002), 9–11.

[65] C. O’Hear, J.F. Heiber, I. Schubert, G. Fey, T.L. Geiger, Anti-CD33
chimeric antigen receptor targeting of acute myeloid leukemia,
Haematologica. 100 (2014), 336–344.

[66] H. Matsuo, K. Yoshida, K. Fukumura, K. Nakatani, Y. Noguchi,
S. Takasaki, et al., Recurrent CCND3 mutations in MLL-
rearranged acute myeloid leukemia, Blood Adv. 2 (2018),
2879–2889.

[67] M.L. Smith, R. Arch, L.-L. Smith, N. Bainton, M. Neat, C. Taylor,
et al., Development of a human acute myeloid leukaemia screen-
ing panel and consequent identification of novel genemutation in
FLT3 and CCND3, Br. J. Haematol. 128 (2005), 318–323.

[68] A. Lin, F.W.T. Cheng, A.K.S. Chiang, C. Luk, R.C.H. Li,
A.S.C. Ling, et al., Excellent outcome of acute lymphoblastic
leukaemia with TCF3-PBX1 rearrangement in Hong Kong, Pedi-
atr. Blood Cancer. 65 (2018), e27346.

[69] P. Mirkowska, A. Hofmann, L. Sedek, L. Slamova, E. Mejstrikova,
T. Szczepanski, et al., Leukemia surfaceome analysis reveals new
disease-associated features, Blood. 121 (2013), e149–e159.

https://doi.org/10.1093/bioinformatics/bth447
https://doi.org/10.1093/bioinformatics/bth447
https://doi.org/10.1016/j.compbiolchem.2007.10.001
https://doi.org/10.1016/j.compbiolchem.2007.10.001
https://doi.org/10.1016/j.compbiolchem.2007.10.001
https://doi.org/10.1016/j.compbiolchem.2007.10.001
https://doi.org/10.1007/s11634-018-0334-1
https://doi.org/10.1007/s11634-018-0334-1
https://doi.org/10.1007/s11634-018-0334-1
https://doi.org/10.1016/j.apm.2019.01.044
https://doi.org/10.1016/j.apm.2019.01.044
https://doi.org/10.1016/j.apm.2019.01.044
https://doi.org/10.1016/S0014-5793(03)01275-4
https://doi.org/10.1016/S0014-5793(03)01275-4
https://doi.org/10.1016/S0014-5793(03)01275-4
https://doi.org/10.1016/S0014-5793(03)01275-4
https://doi.org/10.1007/s00500-007-0251-2
https://doi.org/10.1007/s00500-007-0251-2
https://doi.org/10.1016/S1672-0229(08)60050-9
https://doi.org/10.1016/S1672-0229(08)60050-9
https://doi.org/10.1016/S1672-0229(08)60050-9
https://doi.org/10.1186/1471-2105-7-228
https://doi.org/10.1186/1471-2105-7-228
https://doi.org/10.1093/bioinformatics/16.10.906
https://doi.org/10.1093/bioinformatics/16.10.906
https://doi.org/10.1093/bioinformatics/16.10.906
https://doi.org/10.1093/bioinformatics/16.10.906
https://doi.org/10.1016/j.eswa.2011.08.069
https://doi.org/10.1016/j.eswa.2011.08.069
https://doi.org/10.1016/j.eswa.2011.08.069
https://doi.org/10.1016/j.eswa.2011.08.069
https://doi.org/10.1016/j.csda.2008.04.028
https://doi.org/10.1016/j.csda.2008.04.028
https://doi.org/10.1016/j.csda.2008.04.028
https://doi.org/10.1016/j.csda.2008.04.028
https://www.genenames.org
https://www.genenames.org
https://www.ebi.ac.uk/GOA/
https://www.ebi.ac.uk/GOA/
https://doi.org/10.1002/jcp.28236
https://doi.org/10.1002/jcp.28236
https://doi.org/10.1002/jcp.28236
https://doi.org/10.1002/jcp.28236
https://doi.org/10.1038/bcj.2016.80
https://doi.org/10.1038/bcj.2016.80
https://doi.org/10.1038/bcj.2016.80
https://doi.org/10.1038/bcj.2016.80
https://doi.org/10.1038/bcj.2016.80
https://doi.org/10.1182/blood.V126.23.3712.3712
https://doi.org/10.1182/blood.V126.23.3712.3712
https://doi.org/10.1182/blood.V126.23.3712.3712
https://doi.org/10.1182/blood.V126.23.3712.3712
https://doi.org/10.1038/sj.leu.2404520
https://doi.org/10.1038/sj.leu.2404520
https://doi.org/10.1038/sj.leu.2404520
https://doi.org/10.1038/sj.leu.2404520
https://doi.org/10.1038/sj.leu.2404520
https://doi.org/10.1038/sj.leu.2404520
https://doi.org/10.18632/oncotarget.11340
https://doi.org/10.18632/oncotarget.11340
https://doi.org/10.18632/oncotarget.11340
https://doi.org/10.18632/oncotarget.11340
https://doi.org/10.18632/oncotarget.11340
https://doi.org/10.18632/oncotarget.7103
https://doi.org/10.18632/oncotarget.7103
https://doi.org/10.18632/oncotarget.7103
https://doi.org/10.1007/s13277-012-0589-7
https://doi.org/10.1007/s13277-012-0589-7
https://doi.org/10.1007/s13277-012-0589-7
https://doi.org/10.1007/s13277-012-0589-7
https://doi.org/10.1080/10428190802129918
https://doi.org/10.1080/10428190802129918
https://doi.org/10.1080/10428190802129918
https://doi.org/10.1080/10428190802129918
https://doi.org/10.1182/blood-2011-11-325050
https://doi.org/10.1182/blood-2011-11-325050
https://doi.org/10.1182/blood-2011-11-325050
https://doi.org/10.3816/CLM.2002.s.002
https://doi.org/10.3816/CLM.2002.s.002
https://doi.org/10.3324/haematol.2014.112748
https://doi.org/10.3324/haematol.2014.112748
https://doi.org/10.3324/haematol.2014.112748
https://doi.org/10.1182/bloodadvances.2018019398
https://doi.org/10.1182/bloodadvances.2018019398
https://doi.org/10.1182/bloodadvances.2018019398
https://doi.org/10.1182/bloodadvances.2018019398
https://doi.org/10.1111/j.1365-2141.2004.05324.x
https://doi.org/10.1111/j.1365-2141.2004.05324.x
https://doi.org/10.1111/j.1365-2141.2004.05324.x
https://doi.org/10.1111/j.1365-2141.2004.05324.x
https://doi.org/10.1002/pbc.27346
https://doi.org/10.1002/pbc.27346
https://doi.org/10.1002/pbc.27346
https://doi.org/10.1002/pbc.27346
https://doi.org/10.1182/blood-2012-11-468702
https://doi.org/10.1182/blood-2012-11-468702
https://doi.org/10.1182/blood-2012-11-468702

	A New Hybrid and Ensemble Gene Selection Approach with an Enhanced Genetic Algorithm for Classification of Microarray Gene Expression Values on Leukemia Cancer
	1 INTRODUCTION
	2 MATERIALS AND METHODS
	2.1 Fisher Correlation Score
	2.2 Information Gain
	2.3 Wilcoxon Rank Sum
	2.4 Genetic Algorithm

	3 PROPOSED APPROACH
	4 RESULTS
	4.1 Performance Values
	4.2 Performance Comparison
	4.3 Biological Significance

	5 DISCUSSION
	6 CONCLUSIONS


