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Abstract: Microarray based cancer pattern classification 1s one of the popular techmques 1n bioinformatics
research. At the same time, it was noticed that for studying the expression levels through the gene expression
profiling experiments, thousands of genes have to be simultaneously studied to understand the patterns of the
gene expression or cancer pattern. This research proposed an efficient cancer pattern classifier called an
Enhanced Multi-Objective Particle Swarm (EMOPS) and it is studied thoroughly in terms of memory utilization,
execution time (processing time), sensitivity, specificity, classification accuracy and F-score. The results were
compared with that of the recently proposed classifiers namely Hybrid Ant Bee Algorithm (HABA), Kernelized
Fuzzy Rough Set based semi supervised Support Vector Machine (KFRS-33VM) and Multi-objective Particle
Swarm Optimization (MPSO). For analyzing the performances of the proposed model, this research
considered a few cancer patterns namely bladder, breast, colon, endometrial, kidney, leukemia, lung, melanoma,
mom-hodgkin, pancreatic, prostate and thyroid. From owr experimental results, it was noticed that the
proposed model outperforms the identified three classifiers in terms of memory utilization, execution time
(processing time), sensitivity, specificity, classification accuracy and F-score.
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INTRODUCTION

This microarray is a significant technology which
facilitating to study various gene expressions. The
microarray data in general are images and these microarray
mmages could be converted into various gene expression.
These gene expressions have been usually used for gene
pattern classifications. From the available literature survey
(Gu, 2016; Behravan et al., 2016, Kumar et al., 2014,
Chakraborty and Maulik, 2014; Mukhopadhyay and
Mandal, 2014; Yoon et al., 2010), it was noticed that the
data mining techniques are facilitating to classify and
predict various cancer gene patterns.

The classifiers are used to classify microarray
samples for pattern classification, 1.e., the normal samples
of the microarray data set and cancer pattern samples can
be classified with the help of classifiers. If the samples
had a few subtypes of cancer pattern, then we

needed multiclass cancer pattern classifiers (Gu, 2016;
Behravan et al., 2016; Kumar et al., 2014; Chakraborty and
Maulik, 2014). From the literature survey, it was noticed
that the multi-class cancer pattern classifier can be
employed to improve the classification accuracy.

This research identified a few popular multi-class
classifiers which are recently proposed for cancer patter
prediction/classification and all those classifiers were
discussed.

Recently proposed data mining classifiers: The
characteristics and procedures of the three identified
Classifiers namely Hybrid Ant Bee Algorithm (HABA)
{Chakraborty and Maulik, 2014), Kemelized Fuzzy Rough
Set based semi supervised Support Vector Machine
(KFRS-33VM) (Gu, 2016) and Multiobjective Particle
Swarm Optimization (MPSO) (Yoon ef af., 2010) have been
discussed in the following study.
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Hybrid Ant Bee Algorithm (HABA): Ant colony
optimization (Gu, 2016; Chakraborty and Maulik, 2014)
does maintain a colony of ants and make possible
Permissible Ranges (PRs) in association with values
proposed for a design model. Here, each and every ant is
permitted to select a permissible range which will
represent the path.

When all ants have chosen their paths, then the
discrete value associated with the selected path is taken
and for all ants this 15 considered as candidate value.
Then, the system evaluates the artificial bee colony
approach by combining the candidate values of all the
ants and this mitializes the food source and the
objective function can be evaluated with three phases
and those phases named as employed bee phase
where food sources assigned to bees, onlooker bee
phase where a decision taken by bees
scout bee phase where ants making out the random
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search.

The proposed ant bee algorithm combines the
strength of Artificial Bee Colony (ABC) and Ant Colony
Optimization (ACO). The procedure of ant bee algorithm
is described.

Algorithm 1:

Generate initial solution space

Evaluate the fitness of objective function

it (fitness finction converged)

{declare best solution

stop(}

Spilt the database as clusters

ACOQ

/iprobabilistic based optimization

{ Set parameters, initialize pheromone trails
Construct. path
Select and construct ant solution
Update pheromones}

ABC()

/f Optimizes through ABC algorithm

// Cluster based optimization based on intelligent foraging behaviour of bee

{ / No. of parameters D; #Function thy//No. of Bees NB
/ Lower bound b; /Upeer bound ub
Declare par, th, D, NP, Ib, ub, limit
Tnitialization of pararmeter par =0

If (NP<limit)
{abc_optim(par, f, D = length(par) } }

Combine the results of ABC() and ACOQ)

Construct solution

Kernelized Fuzzy Rough Set based semi supervised
Support Vector Machine (KFRS-S3VM): The Kernelized
Fuzzy Rough Set (KFRS) (Mukhopadhyay and Mandal,
2014) is used to classify cancer patterns and used to
classify gene expressions from the microarray datasets
(Mukhopadhyay and Mandal, 2014, Hu, 2007; Wang and
Palade, 2007). The KFRS-S3VM has two popular feature
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selection techniques, namely Fuzzy Preference based
Rough Set (FPRS) and Consistency Based Feature
Selection (CBFS).

Gene expressions based validations have done in
this scheme which shown in the detailed procedure
{(Mukhopadhyay and Mandal, 2014). The forward greedy
search algorithm based Gaussian Kernel approximation
(Chakraborty and Maulik, 2014) was designed as
follows.

Algorithm 2:

Input: Sample set U = {Z,, Z,, ...,
stopping threshold

Output: Reduct red

Step 1: Initialize red to an empty set and [3 to 0

Step 2: For each agA-red, red, compute [; = [{a; jured

Step 3: Find the maximal (i and the corresponding attribute a;
Step 4: Add attribute a; to red if it satisties 3;{.a(F)>e

Step 5: Assign 3 to P,

Step 6: Repeat steps 2-5 whilered =A

Step 7: Return red

Z,.} feature set A, decision F and

The above procedure of Gaussian Kemmnel
approximation 1s imtially starting with a null set of
attribute and 1t 1s evaluating the all other remaming
attributes n iterations and also it 1s selecting various
features identifying by the maximal fuzzy dependency
(Mukhopadhyay and Mandal, 2014; Wang and Palade,
2007, Devaraj and Yegnanarayana, 2005). The Fuzzy
dependency (F) is calculated as follows (Gu, 2016;

Kumar et al., 2014):

Algorithm 3:

Input: Sample set U = {Z,, Z,, ...,
parameters &

Output: dependency [ of F-A

Step 1: Bo(D-0

Step2:i=1-m

Step 3: Find the nearest sample x; to z with different class:

2
2,

remove

Z,.} feature set A, decision F and

Step 4: g, (F) B, (F)+ 1—|:exp{—
Step 5: Return (,(F)

The algorithm will
values those features that received from the

low dependency
data
sets.

Multi-Objective Particle Swarm Optimization (MPSO):
The particle swarm optimization (Yoon et al., 2010) 1s one
of the popular existing population based optimization
techniques. The various candidate solutions are named as
particle and the population of these particles 1s termed as
swarm.

Let us, consider that there were N particles in swarm
to achieve optimal fitness. The particle best position
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pbest and global best position ghest need to update to
attain and compute fitness. The MPSO was developed by
the researchers Mukhopadhyay and Mandal (2014) as
follows.

Algorithm 4:
1. Input, Data matrix, Cluster center C, Particles N, Samples S,
Assign thr=0.5
2. Output A
a. Initialize random locations and velocities as well
i. Genes x,, samples gene set G, and fitness P,
b. Initialize random locations and velocities as well
i. Calculate cell boundary (xnd) for all cluster centres till
xndzThreshold
c. Calculate cell boundary and average velocity Vnd
d. Select centres by evaluating and combining
e. Take average calculation by crowding distance sorting for all derived
solutions
3. Select the best sample gene Gn

Identified problem: This research has implemented the
above discussed three classifiers and studied thoroughly
with a few cancer patterns in terms of memory utilization,
execution time (processing time), sensitivity, specificity,
classification accuracy and F-score. From our experimental
results, 1t was noticed that the performances of these
three classifiers are strongly depend on the patterns of
the gene/cancer pattern. It was also noted that the
Multi-objective Particle Swarm Optimization (MPSO) is
relative outperforming other two classifiers. To improve
the performance of the Multi-objective Particle Swarm
Optimization (MPSO) this study enhanced Multi-objective
Particle Swarm Optimization (MPSO) and named as an
Enhanced Multi-Objective Particle Swarm based classifier
(EMOPS) and described in the following study.

MATERIALS AND METHODS

EMOPS: An Enhanced Multi-Objective Particle Swarm
based classifier: As discussed in the previous study, the
Multiobjective Particle Swarm Optimization (MPSO)
considers the total number of particles to achieve optimal
fitness. The particle best position pbest and global
best position gbhest will update to aftain and compute
fitness.

This research noticed that the position and parameter
values need to optimize in such a way to achieve a high
level of classification accuracy, i.e., need to determine
optimized centre values to improve and achieve higher
classification accuracy. To achieve igher classification
accuracy this research proposed an efficient model called
an EBohanced Multi-Objective Particle Swarm based
classifier (EMOPS). The procedure of this research will
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consider multiple competing solutions to find global best
position ghest which will improve classification and
prediction accuracy. The procedure for the Enhanced
Multi-Objective Particle Swarm based classifier (EMOPS)
1s giver.

Algorithm 5:
1. Tnput i. Data matrix ii. Cluster center C, iii. Particles N, iv. Samples 8,
v. Assign thr=0.5
2. Output A
a. Initialize random locations and velocities as well
1. Genes x,, samples gene set G, and fitness P,
b. Initialize random locations and velocities as well
1. Calculate cellboundary (xnd) for all cluster centres till xnd > threshold
¢. Calculate cellboundary and average velocity Vnd
d. Calculate
i. 8trong-dominance updating strategy
a. Compute crowding distance and refresh for next iteration
b. Estirnates the size of the largest rectangle
c. Takes the average distance of its two neighbouring solutions
d. Select centres by evaluating and combining
e. Take average calculation by crowding distance sorting for all
derived solutions
ii. Select the best sample gene Gn
e. Select the global best position gbest

RESULTS AND DISCUSSION

Performance analysis: This research conducts
Simulations to study the performances and classification
abilities of the proposed model, Enhanced Multi-Objective
Particle Swarm based classifier (EMOPS). The cancer
genome sequence data sets namely NCBI.CGS.MER and
NCBLCS.MER are used to analysis the proposed model.
The simulation interface is shown in Fig. 1. For the
the pattern’s

considered and the name of those pattermns

simulations, various  cancer are
are
bladder, breast, colon, endometrial, kidney, leukemia,
lung, melanoma, mom-hodgkin, pancreatic, prostate and
thyroid.

The performance of the proposed classifier was
tested in terms of execution time (processing time),
sensitivity, specificity, classification accuracy, F-score
and memory utilization. This research is developed an
interfacing tool with the VCH++ programming language to
extract and validate the gene expressions which are
downloaded from NCRI that is shown in Fig. 1. The
validated data 15 fed mto BioWeka simulation tool for
analyzing the performances of the proposed classifier in
terms of execution time (processing time), sensitivity,
specificity, classification accuracy, F-score and memory
utilization.

The proposed classifier EMOPS was implemented

and studied thoroughly. The results were compared with
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= Performance Analysis of Cancer Pattem Classiier-Predictor  IEN the performances of the existing classifiers namely
i B ey Hybnd Ant Bee Algorithm (HABA), Kemelized Fuzzy

HCBE Sample Duats Fie 1

Rough Set based semi supervised Support Vector
s Machme (KFRS-S3VM) and Multiobjective Particle
S B - Swarm Optimization (MPSO). The results are presented in

NG Gerome Complete ;| C:immoichl_Cus

e Table 1-4. The outputs were plotted and shown in
oo g Fig. 2-7. From the results, it was noticed that the proposed
| poos e | model outperforms the existing identified models in
s =y terms of execution time (processing time), sensitivity,
specificity, classification accuracy, F-score and memory
Fig. 1: VC++ based interface tool utilization.

Table 1: Performance analysis of EMOPS

Cancer type Accuracy F-score Memory (B) Processing time (msec) Sensitivity Specificity
Procedure: enhanced muti-objective particle swarm optimization

BRladder 0.9921 0.9991 1158010 318818 0.9905 0.9917
Breast 0.9927 0.9920 1199450 322010 0.9934 0.9970
Colon 0.9934 0.9917 1145858 318314 0.9895 0.9924
Endometerial 0.9940 0.9945 1187298 321506 0.9956 0.9977
Kidney 0.9947 0.9974 1133692 317810 0.9885 0.9931
Leukemia 0.9953 0.9971 1175146 321026 0.9946 0.9916
Lung 0.9960 1 1121540 317306 0.9976 0.9970
Melanoma 0.9966 0.9929 1162980 320522 0.9937 0.9923
Mon-Hodg 0.9973 0.9926 1109388 316826 0.9898 0.9977
Pancreatic 0.9980 0.9954 1150828 320018 0.9927 0.9962
Prostate 0.9986 0.9983 1113700 316322 0.9888 0.9916
Thyroid 0.9993 0.9980 1155154 319514 0.9949 0.9916

Table 2: Performance analysis of MOPS

Cancer type Accuracy F-score Memory (B) Processing time (msec) Sensitivity Specificity
Procedure: enhanced muti-objective particle swarm optimization

Bladder 09721 0.9791 1188210 331818 0.9805 0.9817
Breast 0.9727 0.9720 1219650 335010 0.9834 0.9870
Colon 0.9734 09717 1166058 331314 0.9617 0.9646
Endometerial 0.9740 0.9745 1207498 334500 0.9847 0.9868
Kidney 0.9335 0.9374 1153892 330810 0.9805 0.9851
Leukemia 0.9353 0.9371 1195346 334026 0.9636 0.9606
Lung 0.9560 0.9600 1141740 330300 0.9666 0.9660
Melanoma 0.9766 0.9729 1183180 333522 0.9479 0.9465
Mon-Hodg 0.9673 0.9626 1129588 319826 0.9832 0.9911
Pancreatic 0.9780 0.9754 1171028 323018 0.9861 0.989%6
Prostate 0.9886 0.9883 1133900 319322 0.9814 0.9842
Thyroid 0.9893 0.9880 1175354 322514 0.9883 0.9842

Table 3: Performance anatysis of HABA

Cancer type Accuracy F-score Memory (B) Processing time (msec) Sensitivity Specificity
Procedure: enhanced muti-objective particle swarm optimization

Bladder 0.9021 0.9091 1168210 331818 0.8837 0.8849
Breast 0.9027 0.9020 1209650 335010 0.8966 0.9002
Colon 0.9034 0.9017 1156058 331314 0.9027 0.9056
Endometerial 0.8840 0.8845 1197498 334500 0.8888 0.8909
Kidney 0.8047 0.8074 1133892 330810 0.8917 0.8963
Leukernia 0.8053 0.8071 1175346 334026 0.8878 0.8848
Lung 0.8860 0.8900 1131740 330306 0.9008 0.9002
Melanoma 0.8966 0.8929 1173180 333522 0.8869 0.8855
Mon-Hodg 0.8973 0.8926 1119588 329826 0.8830 0.8909
Pancreatic 0.8980 0.8954 1161028 333018 0.8859 0.8894
Prostate 0.8986 0.8983 1123900 329322 0.9020 0.9048
Thyroid 0.8893 0.8880 1165354 332514 0.9081 0.9048
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Table 4: Performance analysis of KFRS-8*VM

Cancer type Accuracy F-score Mermory (B) Processing time (msec) Sensitivity Specificity
Procedure: enhanced muti-objective particle swarm optimization
BRladder 0.8021 0.8001 1158210 321818 0.8837 0.8849
Breast 0.8027 0.8020 1199650 325010 0.8966 0.8902
Colon 0.8034 0.8017 1146058 321314 0.8827 0.8856
Endometerial 0.8040 0.8045 1187498 324506 0.9388 0.9409
Kidney 0.9047 0.9074 1128892 310810 0.9817 0.9863
Leukemia 0.9053 0.9071 1170346 314026 0.9878 0.9848
Lung 0.2060 0.9100 1116740 3103006 0.9908 0.9902
Melanoma 0.8066 0.8029 1163180 323513 0.9369 0.9355
Mon-Hodg 0.8073 0.8026 1109588 319826 0.8830 0.8909
Pancreatic 0.8080 0.8054 1151028 323018 0.8859 0.88%4
Prostate 0.8086 0.8083 1113900 319322 0.8820 0.8848
Thyroid 0.8093 0.8080 1155354 322514 0.9381 0.8848
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0954 ~ - — - - - — - - — . - BHABA
Il ol ol | Il dl 7 O KFRS-S3VM
0.909 _ _ T 1 A N ~ a MPSO
085 i 1 m ||| o EMoPs
0.80 1 1 | | | | 1 1
0.75 1
0.70 1 D1-Bladder
0.65 1 g%-grc}ast
= -Colon
S 0.604 D4-Endometiral
g 0551 D5-Kidney
‘5 0.50 4 D6-Leukemia
S 0454 D7-Lung
0.40 4 D8-Melanoma
’ D9-Nonhodg
0.357 D10-Pancreatic
0.30 1 DI11-Prostate
0.25 4 D12-Thyroid
0.20
0.15 1
0.10 1
0.05
— [ [se) < vy Ne) ~ [ - ol
a) Q 2 = —
a A 26 & a a & 3 Z & 3
Classifier
Fig. 2: Accuracy vs. classifiers
1.00
0954 0 M B0 o -0 R0 R M AT
o (W A ]l uE?}?? S3VM
LA e pd] ] A i | . | Al | md o -
085 oMPSO
0.804 OEMOPS
0.754
0.704 add
D1-Bladder
0.65
< 0604 D2-Breast
< D3-Colon
g 0.557 D4-Endometiral
§ 0.504 D5-Kidney
& 0454 D6-Leukemia
0401 D8 Mela
-Melanoma
0.35 D9-Nonhodg
0.301 D10-Pancreatic
0.251 D11-Prostate
0.204 D12-Thyroid
0.154
0.104
0.05
Z 8 8 3 &8 &85 &8 238 % 3 %
[a) =) [a)
Classifier

Fig. 3: Specificity vs. classifiers
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Fig. 5: Processing time vs. classifiers
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Fig. 7. F-score vs. classifiers
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CONCLUSION

This research proposed an efficient cancer pattern
classifier called an Enhanced Multi-Objective Particle
Swarm (EMOPS) and studied thoroughly. From our
experimental results, it was noticed that the proposed
model outperforms the identified three classifiers namely
Hybrid Ant Bee Algorithm (HABA), Kernelized Fuzzy
Rough Set based semi supervised Support Vector
Machine (KFRS-S3VM) and Multi-objective Particle
Swarm Optimization (MPSO) m terms of memory
utilization, execution time (processing time), sensitivity,
specificity, classification accuracy and F-score.
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