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Abstract

Multiclass cancer classification is an emerging technique which presents the possibility of cancer identification using
microarray data. For selecting genes in the multiclass gene categorization filter methods are frequently used. But the
filter method is not applicable for some of the multiclass microarray data sets because of the rigorous heterogeneity of
biological tissues and samples. So, for selecting genes decay the multiclass ranking statistics into class explicit statistics
and then Pareto-front analysis is used. Also, to identify the Pareto-optimal set the non-dominant sorting genetic algorithm
is suggested. But the drawback is this method does not scale with high complexity. Because, where the number of elements
which are represented to mutation is large there is an exponential raise in search space size. So, in this manuscript an
innovative technique is introduced which is called Multiobjective Firefly Algorithm for Multiclass Gene Selection (MFGS).
A firefly has a tendency to be fascinated towards other fireflies with superior flash intensity. The multiple objective firefly
algorithms intend to optimize two or more conflicting characteristics represented by fitness functions. In the multiple
objective firefly method, a set of Pareto-optimal solutions are created which concurrently optimize the contradictory
necessities of the multiple fitness functions. In the proposed method, the genes are selected by optimizing the number of
fireflies in the multiple class-specific statistics. An experimental result shows that when compared to the existing method,

there is less complexity, high classification accuracy of the proposed MFGS method.
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1. Introduction

Gene expression data is an appearance level of gene when
DNA encoded into protein. By using the microarray tech-
niques, the appearance level of the gene is evaluated. In
the microarray gene-expression data sets, the selection
of pertinent genes has become an essential part in order
to enhance the identification of types of samples and also
provides motivating biological insights. The gene selection
methods are categorized as a filter, wrapper and embed-
ded methods'?. The filter method is most frequently used
gene ranking method. Because the filter methods are very
simple, easy to utilize and less computational effective-
ness. By taking the correlation of gene expressions the
filtering methods rank the genes.

*Author for correspondence

For multiclass gene selection, some of the filter criteria
like F-score?, Kruskal-Wallis (KW)-score®, mutual infor-
mation®, and entropy’ are suggested. A generalization
of signal-to-noise ratio is suggested for multiclass gene
selection by considering the gene dominant index and
gene dormant index®. But some of the filter methods are
not considered the significant distinctiveness of many
multiclass microarray data sets. Because there is severe
heterogeneity of biological tissues and samples’.

Due to the deficiency of strong features or enough
samples some of the classes may be more complex
to differentiate when compared to other classes. This
class-explicitdistinctiveness of dataleadstoalesser-known
problem in gene selection, referred to as the siren-pitfall
problem!. In the existing method, the F-score and the
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KW - score are exaggerated by siren pitfalls by utilizing
simulated data sets. To conquer the trouble of the pitfalls
in the genetic selection process, a multiobjective perspec-
tive and a Pareto-Front Analysis (PFA)-based approach
is suggested?. In this manuscript, a Multiobjective Firefly
Algorithm for Multiclass Gene Selection (MFAMGS) is
introduced to concurrently optimize the contradictory
necessities of the multiple fitness functions.

The rest of the section is organized as follows: Section
IT describes the related work. Section III presents the
Pareto-front analysis method. Section IV describes the
proposed algorithm. Section V provides the evaluation
and comparison analysis. Section V concludes the paper.

2. Previous Research

In microarray analysis, the selection of discriminatory
genes is vital to develop the accuracy and also to reduce
the computational complexity. There are two basic tech-
niques for selection of genes which appeared in the
machine learning techniques. The techniques are filtered
and wrapper methods: In most of the work related to the
DNA research area, filter techniques are used which is
based on gene ranking. In this technique, the ranking of
genes is accomplished based on the score value and the
genes with the highest scores are chosen. These methods
contain-test, Relief-F information gain, Kruskal-Wallis
rank and so on. These methods are simple to develop and
understand. But the drawback is according to the unique
contribution the genes are selected. The mutual informa-
tion between genes is not considered so the result is not
satisfied'! 3.

Tibshirani et al.'*"* suggested the nearest shrunken
centroid method which is used to recognize discriminant
genes for multiple cancer categories by a shrinkage factor.
In some of the Variable selection methods searching the
class-specific genes for a specific cancer type and the
genes, including significant information about the sub-
types of cancers are eradicated by them. The classification
of the nearest centroid method' is suggested by Dabney
which considers the out class explicit features selection so
that the error rate is low. Qi Shen et al. suggested a cen-
troid based scoring method"! to decide which genes differ
most considerably between the classes and to choose
genes for every cancer type. By using this parameter, the
condition for the choosing gene for a particular class is to
recognize genes that have shorter distances from centroid
and large distances from the other class centroid.
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There are some methods suggested for gene selection
for improving accuracy and reduce the computational
complexity.

A signal-to-noise ratio is used as a condition is
suggested by Golub et al.”” for calculating the associa-
tion between a gene and a tumor subcategory. A gene
shaving method is recommended by Hastie et al. with the
principal component analysis. Lee et al. recommended
the instructive gene subset by utilizing the technique of
Bayesian learning'. For recursive elimination of features,
the support vector machine is recommended by Guyon
et al?*. There are two categories in these methods; one
is individual gene ranking approaches and gene sub-
set ranking approaches®’. Jin Hyun Park et al. suggested
a new decisive factor”® for evaluating the significance
of individual genes by utilizing the mean and standard
deviation of the distances from every attribute to the class
centroid to consider the problem of gene selection. This
technique follows the two steps: one is ranking and selec-
tion of genes and another one is validation of genes. This
technique is suitable for multiple classification troubles.

3. Pareto Optimal Front Analysis

Selection of relevant genes is crucial in the microarray data
analysis. So, in this method the multiclass ranking statis-
tics are decomposed into class specific statistics. After that
the Pareto front analysis is used for the selection of genes.
Because in the microarray analysis due to the deficiency
in the samples, some classes may be more complicated
to differentiate when compared to other classes?>. On the
other hand, the class-specific statistics of some classes
may dominate the overall ranking of the aggregation pro-
cess which leads to siren pitfall problem'® in gene ranking
and impact the performance of classification. The main
cause of the siren-pitfall trouble is that genes representing
effortlessly distinguishable classes are strappingly repre-
sented in the data set, whereas genes pertinent to complex
to separate classes are faintly represented. In this work,
the two statistical parameters are used which is called an
F-score and KW-score. Also, to overcome the problem
of pitfalls in selection of genes, focus the two statistical
conditions and a Pareto-front analysis method is used.

F-score is based on the F-statistics and it is most
extensively used statistical test. It is defined as the ratio of
between the intraclass and the interclass distances of the
gene expression values®. The F-score of particular gene k
is computed as,
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In this equation, X, denotes the average expression
level of gene k across the entire samples, x,, denotes
the average expression level of the gene k of the samples
belonging to cth class. ¢ represents the pointer function
which is equal to 1 of the argument is true and 0 other-
wise. The class specific statistic is determined by,

AA 2
m_ (X, —X
Ee=— ol =) — )
fo1 2 Ay = C)(xks _xkc)

F

ke

represents the class-specific statistic which is computed
by the ratio between the discrepancy of gene expressions
of gene k of the samples belonging to class c and the vari-
ance of expressions of gene in the entire samples. This
denotes the ranking statistics of gene k which is belonging
to dissimilar classes.

The KW-score is another statistical parameter which
is based on a nonparametric KW statistic that utilizes the
rankings of gene expressions instead of their values. It is
defined as the square of the differences between within-
class average ranks and overall mean of the ranks. The
KW-score of gene k is evaluated by,

2

2 imc (D - D) (3)

KW, =
m(m+1) p—

Where IADkC represents the average value of the ranking of
expression value of gene k in the samples belongs to the
cth class and D, denotes the overall average rank of the
expression value of gene k and m, represents the number
of samples belonging to class c. The class specific statistics
of gene k belonging to class c is given by,

Kch ocm, (ﬁkc - 5k )2 (4)

The set of class-specific statistics are represented
{A,, }Z’:CL =1 4, denotes a one-against-all statistic of gene k
in class ¢ and represents how discriminative gene k of class
cis qualified to its capability to distinguish the other classes.
The aggregating statistics are represented by A, is rank sta-
tistics attained by aggregating class-specific statistics. This
provides the overall capability of separability of classes:

C
A=Y Ay (5)
c=1
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The two statistical parameters are computed. For
accomplishing the better classification performance,
a group of genes optimizing individual class-specific
statistics are required. As a result, the selection of genes
is accomplished by recognizing the group of class-specific
statistics, which are non-dominant by the rest of the class
specific statistics. So, the Pareto front analysis method is
suggested which is utilized to recognize the optimal set of
genes to increase the classification performance.

The Pareto-front analysis is used to divide the
entire genes into dissimilar Pareto fronts by utilizing
class-specific statistics. A Pareto front is defined as the
set of genes which does not dominate one another. The
main intent to determine the Pareto fronts is to easily
recognize the nondominating class-specific ranking
statistics so that the pertinent genes were recognized
for enhancing the performance of the classification. By
determining the Pareto-optimal fronts, nondominating
class-specific ranking statistics and thereby relevant genes
for classification were identified.

There are two conditions to be satisfied if gene k is said
to dominate another gene k’. The class specific statistic
value of gene k is no inferior than gene k’. At least one
of the class-specific statistic values of gene k are superior
than that of a gene.

By using the Pareto analysis method the non-dominant
genes are identified. If none of the genes dominate other
genes, a pair of genes is said to be reciprocally nondomi-
nating. So, the nondominating gene set is generated. In
this set, genes are not dominated by any other gene. In a
given group of class-specific statistics, the Pareto fronts
of genes are decided by performing all pair wise assess-
ments and establish the nondominated genes. By using
the Pareto front analysis, the genes are separated into
ordered sets of Pareto fronts of class specific statistics. In
the Pareto front, the genes are nondominated by other
genes, referred as Pareto-optimal set. In the framework
of gene selection, the Pareto-optimal set of genes contains
the most significant genes for the classification as those
genes have at least one class-specific statistics better than
that of genes in the other fronts.

The nondominant sorting genetic algorithm is used to
acquire the optimal set of Pareto fronts. In every Pareto
front the genes are ranked by using the crowding distance
which enlarges the diversity of class specific statistics of
genes. In this measure, a smaller the value of crowding
distance means that the gene is crowded by many other
genes having close class-specific statistics. By utilizing the
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crowding distance of each and every gene, the genes are
sorted and ranked in the Pareto fronts.

4, Multiobjective Firefly
Algorithm for Multiclass
Gene Selection (MFGS)

Multiobjective Firefly Algorithm for Multiclass Gene
Selection (MFGS) is an innovative technique which is
used to optimize two or more conflicting characteris-
tics represented by fitness functions. In this method, the
genes are selected by optimizing the number of fireflies
in the multiple class-specific statistics. A firefly algorithm
is a metaheuristic algorithm which tends to be attracted
towards other fireflies with superior flash intensity. But
many search and optimization problems usually include
multiple objectives. In contrast to the single objective
optimization problems, the multi-objective optimiza-
tion method is able to optimize one or more conflicting
characteristics which are illustrated by objective func-
tions. In this proposed method, a group of Pareto-optimal
solutions are generated which concurrently optimize the
conflicting necessities of the multiple fitness functions.

The Pareto fronts are a group of genes which does
not dominate one another. If there are M objective func-
tions, a gene k is said to dominate another gene k” if both
constraints are satisfied:

(1) The gene k is no worse than k” in the entire M objective
functions.

k<k'o A, 2A[C, Vc (6)

In this constraint A, represents the class specific
statistic of gene k in class c.
(2) The gene k is sternly superior than k” in at least of the
M objective functions.

A > Alc,3c

In this constraint A/c represents the class specific
statistic of gene k” in class c. C is a class label.

Algorithm: A novel algorithm for Multiobjective Firefly
Algorithm for Multiclass Gene Selection (MFGS)

1. Define the objective functions f,(x),... fi (x) where

T
xz(xl,...xd)
2. Generate initial population of fireflies x, where
i=1,...n
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31.
32.
33.

34.

While(t < Max Generation)

for(i =1: n (all n fireflies)

for(j =1: n (all n fireflies)

/] Determination of optimal set of Pareto sets

Check the conditions for non-dominant gene
selection

. /] Constraints for Non-dominant genes computation

If gene k <k’ represents the gene k is dominating
gene k” then

/I Class specific statistic value of gene k is no worse
than that of gene k’
k<k’e A, =2Al,
tic of gene k in class ¢, A/c = class specific statistic of
gene k” in class ¢

//At least one of the class-specific statistic value of
gene k is better than that of gene k’

Vc/l A, = class specific statis-

A > Apc,3c, /1 Ay, = class specific statistic of gene

kin class ¢, Ajc = class specific statistic of gene k” in
class c

If PF,dominates PF,

Move firefly i towards j using the equation the equa-
tion (7)

16Create new ones if the moves do not satisty all the
conditions

End if

End if

If there is no non-dominated genes can be found
Random weights are generated w, = p, ... P

Identify the best solution g! among all fireflies
using (8)

Random walk around using (9)

End if

Update and pass the non-dominated solutions to next
iterations

Find the current best approximation to the Pareto
front

Update t <t + 1

End while

For the Pareto fronts of genes and C classes

Let Q = |P|

Letd =0forallg=1,2,...Q

Forc=1toCdo

Sort statistics A, _in P in worse order
//Determination of crowding distance

d =d A(q+1)c_A(q—1)c

q q max min
Aq(C) - Aq(C)
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35. End for

36. Return crowding distance
37. Sort and rank the genes
38.0Obtain ranked Pareto fronts

The following algorithm shows the Multiobjective Firefly
Algorithm for Multiclass Gene Selection (MFGS). In this
algorithm, the process begins with a suitable definition of
objective functions with the constraints. Firstly, initialize
a population of n fireflies so that they should disseminate
among the search space as evenly as possible. This even
dissemination is accomplished by sampling techniques
via uniform distributions. The fixed number of iterations
is defined; the iterations initiate with the assessment of
brightness of all the fireflies and compare each pair of
fireflies.

For the Pareto front analysis, the constraints are vali-
dated. If PF, dominates PF, the firefly i move towards j. In
the given two fireflies, x, and x; the movement of firefly i
is concerned to another more brighter firefly j is identi-
fied by,

2
t+1_ ot it t t
X, =x; +fe (xj—xl.)+at € (7)

After that an arbitrary weight vector is created so that
an integrated best solution g. can be acquired. For the
next iteration, the non-dominated solutions are passed.
At the end of a fixed number of iterations, in general
n non-dominated solution points can be acquired to
approximate the true Pareto front.

In order to do random walks more proficiently, we can
discover the current best g! which reduces an integrated
objective through the weighted sum value.

P K
¢(")=2Wpfp’ przl
p=1 k=1

e
In this equation, w, = 2 in which the 7, represents

the arbitrary numbers drawn from a uniform distributed
[0, 1]. To guarantee that Zw ,» =1 the rescaling process

is executed after creating III{7 evenly distributed numbers.
It is worth pointing out that the weights w should be
selected arbitrarily at every iteration, so that the non-
dominated solution can sample diversely along the Pareto
front. Suppose, if a firefly is not dominated by others in
the sense of Pareto front, the firefly moves

1 _

X; gi +a, 9)
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In this equation, g! the best solution found so far for a
specified set of arbitrary weights.

Additionally, the randomness can be minimized as
the iterations proceed, and this can be accomplished in a
similar manner as that for simulated annealing and other
random reduction techniques.

@ = a)0.9' (10)

In this equation a, represents the initial randomness
factor.

5. Performance Evaluation

For the experimental results, the performance of the
existing and the proposed system is compared. The per-
formance of the proposed approaches was estimated on
the three real datasets such as a National Cancer Institute
(NCI) Ross, lung, and NCI Staunton gene expression
datasets. These are extensively used benchmark data
sets to compute a gene ranking method, which consists
of changeable numbers of classes and genes. These three
data sets contained a huge number of genes, many of
which had constant gene expression levels. National
Cancer Institute is a dataset of gene expression sum-
mary of 60 National Cancer Institute (NCI) cell lines.
These 60 human tumor cell lines are obtained from
patients with leukemia, melanoma, along with, lung,
colon, central nervous system, ovarian, renal, breast and
prostate cancers. The lung dataset consists of data on
40 lung cancer patients, which is used to compare the
outcome of two chemotherapy behavior in extending
survival time.

In the existing method, Multiobjective genetic
Algorithm for Multiclass Gene Selection (MGGS) is used.
In the proposed system, Multiobjective Firefly Algorithm
for Multiclass Gene Selection (MFGS) is introduced
which optimizes two or more conflicting characteristics
represented by fitness functions. The performance met-
rics such as precision, Recall, accuracy is compared for
existing and proposed system.

5.1 Precision

Precision value is evaluated according to the retrieval of
information at true positive prediction, false positive.

True Positive

Precision = — —
(True Positive + False Positive)
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Figure 1. Precision

Table 1. Precision vs. Number of genes

SNO Number of genes MGGS MFGS
1 20 18.9 25.7
2 40 28.7 38.4
3 60 33.6 45.8
4 80 48.7 59.4
5 100 59.7 65.9

The corresponding results of the MGGS and MFGS are
evaluated for Precision. Figure 1 shows that when com-
pared to MGGS the precision is improved in MEGS. In the
existing research, for optimization the genetic algorithm
is used. In the proposed research, the firefly algorithm
is used to find the Pareto optimal set. Compared to the
genetic algorithm, in the firefly algorithm, there is high
precision value.

5.2 Recall

Recall value is evaluated according to the retrieval of
information at true positive prediction, false negative.

True Positive

Recall =
(True positive + False negative)

The corresponding results of the MGGS and MFGS are
evaluated for Recall. Figure 2 shows that when compared
to MGGS the recall is improved in MFGS. In the existing
research, for optimization the genetic algorithm is used. In
the proposed research, the firefly algorithm is used to find
the Pareto optimal set. Compared to the genetic algorithm,
in the firefly algorithm, there is high recall value.
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Table 2. Recall vs. Number of datasets

SNO Number of genes  MGGS MEFGS
1 20 18.6 25.7
2 40 32.5 42.9
3 60 45.8 58.5
4 80 56.9 69.7
5 100 62.9 78.2

5.3 Accuracy
Accuracy is evaluated as,

(True positive+ True negative)
Accuracy =

(True Positive + False negative + @False positive + False negative)

Accuracy
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Figure 3. Accuracy
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Table 3. Accuracy vs. Number of genes
SNO Number of genes MGGS MEFGS
1 10 252 35.6
2 20 32.9 48.9
3 30 45.8 59.7
4 40 62.9 78.3
5 50 78.6 89.5

The corresponding results of the MGGS and MFGS
are evaluated for Accuracy. Figure 3 shows that when
compared to MGGS the accuracy is improved in MFGS.
In the existing research, for optimization the genetic
algorithm is used. In the proposed research, the firefly
algorithm is used to find the Pareto optimal set. Compared
to the genetic algorithm, in the firefly algorithm, there is
high accuracy.

6. Conclusion

In the microarray data analysis, multiclass cancer
classification is a promising technique which provides
the recognition of cancer. Selection of relevant genes
is a challenging in the identification of cancer analysis.
In this work, a novel technique called Multiobjective
Firefly Algorithm for Multiclass Gene Selection (MFGS)
is introduced which is used to optimize two or more
conflicting characteristics represented by objective
functions. In the proposed method a set of Pareto opti-
mal set of genes is identified by using the Multiobjective
Firefly Algorithm for Multiclass Gene Selection method.
In the proposed method the selection of genes is
chosen by optimizing the number of fireflies in the
multiple class-specific statistics. When compared to
the existing method there is less complexity and high
classification accuracy of the proposed method. This
proposed method is not suitable for multiple criteria.
So, in future work, an efficient technique will propose to
consider multiple criteria for enhancing the classification
accuracy.
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