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Abstract: Multiple sequence alignment (MSA) is an important
issue in the field of bioinformatics. It is posed as an optimization
problem by tuning the gaps to proper places that yields maximum
alignment. Nature inspired evolutionary optimization algorithms
are proven to be very powerful in wide range of optimization
problems including multiple sequence alignment. In large data
cases such as MSA, significantly more time is required for a
reasonable search. Usage of multiple cores can lead to cover more
search space in less time. This paper proposes two, Graphical
Processor Unit (GPU) based parallel algorithms for MSA using
recent algorithmic parameter free evolutionary algorithms
Teaching Learning Based Optimization and JAYA (GPU-PTLBO
& GPU-PJAYA) using mapreduce. The performance of the
algorithms is evaluated by running on 16 different cores using
well-known bench mark datasets. The results are compared with
two other evolutionary algorithms parallel Genetic Algorithm and
parallel Differential Evolutionary Algorithm. The results are
profound in terms of accuracy and time. GPU-PTLBO has shown
significant improvement over other algorithms. It was also
observed that, GPU-PJAYA is efficient in case of short sequences.

Index Terms: Multiple Sequence Alignment, Graphical
Processor Unit, Search space, GA, DE, TLBO, JAYA, Mapreduce,
Parallel Computing Toolbox, Distributed Computing Server.

I. INTRODUCTION

The most prominent buzzword in the field of bioinformatics
is Multiple Sequence Alignment [1]. MSA is aimed to align
three or more sequences by inducing -' gaps into the
sequences randomly at different positions to bring similar
kind of residues [A,C,G,T] for DNA Sequences and
[ARN,D,C,Q,EGH,ILKMFPSTW,Y,\V] for protein
sequences to the same column to improve the fitness value
[2]. Multiple Sequence Alignment is significant in attaining
conserved motifs, phylogeny, protein families etc., [3].
Abundant techniques are grown-up for sequence alignment
from the past several decades. Dynamic Programming (DP) is
used for the purpose of pair wise sequence alignment where
only two sequences are aligned [4]. Smith -Waterman [5] and
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Needle-man and wunsch [6] algorithms are frequently used
for the purpose of local and global sequence alignments
respectively. But it is highly impossible to use these
algorithms for multiple sequence alignment because it is
computationally intensive problem [7]. Hence, to conquer the
obstacle of computational complexity ample Meta heuristic
algorithms were developed to perform MSA. Some
algorithms, like CLUSTALW [8] incorporate progressive
approach to do MSA. Some algorithms like MUSCLE [9]
adapt iterative approach.

From the past few decades nature-inspired optimization
algorithms are proven to be effective in solving optimization
problems including MSA. Among the most important ones

are  Genetic  Algorithms(GA)[10], Particle ~ Swarm
Optimization  (PSO)[11], improved particle swarm
optimization[12], Differential Evolutionary

Algorithm(DE)[13] etc. Genetic Algorithms generate a
sequence of populations by using selection mechanisms.
Genetic Algorithms use crossover and mutation as search
mechanisms. Differential Evolution uses mutation as a search
mechanism and selection to direct the search toward the
prospective regions in the feasible region. The principal
difference between Genetic Algorithms and Differential
Evolution is that Genetic Algorithms rely on crossover, a
mechanism of probabilistic and useful exchange of
information among solutions to locate better solutions, while
evolutionary strategies use mutation as the primary search
mechanism. All these techniques are applied on MSA and
found that DE is the best one [14].

Almost all these optimization algorithms require some
control parameters like pop size, no. of generations in
advance. Also the algorithms are sensitive to their own
algorithmic specific parameters like mutation probability,
crossover  probability, selection operator, crossover
probability etc. Selection of appropriate values for these
algorithmic specific parameters is very complex. Rao et al
proposed two algorithmic specific parameter free algorithms
TLBO [15] and JAYA [16]. TLBO is developed based on
phenomenon of Teaching Learning process. JAY A algorithm
is based on the concept that the solution obtained for a given
problem should move towards the best solution and should
avoid the worst solution.

JAY A algorithms are mostly applied on various Electrical,
Electronic and Mechanical Engineering problems. In 2016,
JAY A algorithm is used for power quality improvement [17].
A combination of gradient
search method and JAYA is
proposed for an
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environmental economic problem [18]. R.V.Rao et.al, have
proposed surface grinding process optimization [19]. Layout
and Topology design optimization of truss structures is
determined using JAYA algorithm in 2016 [20]. Recently a
GPU based parallel JAYA algorithm for estimating
parameters for Li-ion battery is proposed [21]. From the
literature, many efficient works found using evolutionary
algorithms for the problem of MSA [22]. However being the
single core systems require much time and there is no single
algorithm for MSA using TLBO and JAYA.

This paper proposes two new algorithms namely
GPU-PTLBO and GPU-PJAYA. These two new algorithms
are compared with Parallel DE and Parallel GA. It was
observed that the above two proposed algorithms are showing
very prominent improvement in performance (fitness) than
the previous existing algorithms. The time required to execute
the proposed algorithms are tested by executing parallel and
in serial manner also and observed that there is significant
time reduction while executing in parallel manner. It was also
observed that GPU-PTLBO is showing better performance
than GPU based GPU-PJAYA especially for long length
sequences. If the data set is containing more number of
sequences also GPU-PTLBO is showing better performance
than GPU-PJAYA. But if the data set is consisting of less
number of sequences and very short length sequences, then
GPU-PJAYA is showing better performance than
GPU-PTLBO. To perform testing on GPU-PTLBO and
GPU-PJAYA the bench mark data sets from "ox" bench are
taken into consideration. This paper is consisting of 7
sections. Section 1 is introduction. Section 2 is containing
Contributions. Section 3 is containing multiple sequence
alignment problem description and fitness functions. Section
4 is explaining the methodology of GPU based Parallel TLBO
and GPU based Parallel JAYA. Section 5 is related to
experimental results and discussions. Section 6 is Drawbacks
and Section 7 is about conclusions and Future Enhancements.

Il. CONTRIBUTIONS

1. A new GPU based model as framework for MSA problem
on multicores using MATLAB is proposed.

2. Two new evolutionary algorithms using the proposed GPU
based model as variants to TLBO and JAYA are defined.

3. As the performance of the evolutionary algorithms is based
on the reasonable search space, the proposed model achieves
a reasonable search space in reduced computational time for
MSA problem.

4. 0On an average 89% of improvement in terms of time in
milliseconds is observed for various bench mark data sets and
it is shown in table 1.

I11. MULTIPLE SEQUENCE ALINGMENT
PROBLEM DESCRIPTION

MSA is aimed to align multiple sequences by inducing the
gaps at some random positions and making the residues in the
columns identical or at least similar. The test sequences may
be of DNA sequences [A,C,G,T] or Protein Sequences
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[A,RN,D,C,Q,E,GH,I,.LLK,M,FP,STW,Y,V]. In order to
find optimum alignment among the multiple sequences in
reduced time GPU-PTLBO and GPU-PJAYA are proposed.
Quality of MSA can be validated with various measures, some
of them are Identity Score (IS), Similarity score (SS) [23],
Match score (MS) [24], Sum-of-Pairs (SoPs) score [24] and
Column Score (CS) [25]. The fitness of the candidate
solutions in this work is evaluated using four Objective
functions as explained below.

A. OBJECTIVE FUNCTIONS

Various functions considered as fitness functions in
different independent experiments are as follows. Assume
that there are M sequences in alignment each of which
contains N columns.

The Ivde‘inltitx Score (1S) is calculated as shown below:

5= Z Z Z Score(Akj,Afj) (1)

7L k=1 isk+L

where

match if Akj = Aij and Akj ' —' and 4ij #'-' (2)
gap if Akj =" —"or Aij =" -

mismatch if Akj # Aij

where “-' represents a gap; match is assigned a score value of
‘+2’ , gap is assigned a score value of ‘-2’ and mismatch is
assigned the score value of *-1°.

The Similarity Score (SS) is calculated as shown below:

N M-1 M

55= Z Z Z Score(Akj,Aij) (3

J=1 k=1 isk+1

where
Score(Akj,Aij) = [

Score(Akj,Aif) =

match if Akj = Aij and Akj #' —' and Aij # - (4
gap if Akj="—"or Aij =" -’
where similarity score is calculated based on PAM score
matrix. In this paper PAM (250) is used and match is from
PAM (250) and gap=0.
The Sum-of-Pairs Score (SoP) is calculated as shown below:
I, Sy
Mp (5)
L-Sx
where M is the number of columns in the test alignment and
Mp is the number columns present in the reference alignment.
The score Sy for the yth column is found as per the following

equation
Sy=
L1 joi Zi=1 Pifk (6)

SoP =

Where Pijk=1 if residues Aij and Aik are aligned in the test
sequence otherwise Pijk=0

Sx is Sy where for the pth column in the reference alignment.
The Column Score (CS) [Thomson 1999] is calculated as
shown below.

M
5=y %
LM

x=1
If all the residues in the xth column in the test alignment are
aligned then Cx=1 otherwise Cx=0.
Any no. of these functions can be selected as objective
functions in evolutionary based MSA algorithms. Here we
considered all the fitness functions for GPU-PTLBO and
GPU-PJAYA. The method is explained in detail in the
following.
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IV. GPU-PTLBO & GPU-PJAYA
Motivation for the proposed algorithms is explained in the
following sub-section.

A. MOTIVATION FOR GPU BASED ALGORITHMS
USING MAPREDUCE

Various experiments are conducted on well-known
benchmark datasets using with and without mapreduce
methods. The results are depicted in the following Table 1.

Sequence Name Ne.of Tme mms _ Time ins
SHeo fram ox bench 5 o parallél TLBO wsing Serial TLED without
T Tnapredu:e Tapreduce
-14 4 158 0009 1882 805

1302393 L1295 4544

1
z 45 3
3 - 3 984404 7345249
4 95 5 248368 2770 747
Table 1 Tume required @ perform GFU based Forallel TLEO using mapreduce and Serial TLEQ without magreduse

From the above Table 1, it is clear that the time
required to run the Parallel TLBO with mapreduce is very less
when compared with time required to run the Serial TLBO.
The test is performed on GTX Workstation with a 2GB
Graphics card (GPU) and 48 GB RAM. For this experiment
16 cores are used. Initial population is taken as 100. So, each
and every core is assigned 100 chromosomes as initial
population. In total 16X100=1600 is the size of population for
the parallel mapreduce algorithm. So the search space is very
high.  The PTLBO without mapreduce contains single
population of 1600 chromosomes. In both of the algorithms
number of generations is taken is 25. On each and every core
generations are 25. The performance of the algorithms is
equally good; however TLBO without mapreduce takes much
time compared to mapreduce algorithm. The details are
furnished in table 1.

This paper discusses the multiple sequence alignment with
GPU-PTLBO and GPU-PJAYA with mapreduce. MSA is
such a problem in which problem space increases with the
increase in number and size of the sequences. Most of the
existing works are efficient but require much time due to the
usage of single core. Searching the large search space takes
large amount of time with only one core. So, this paper
proposes two, Graphical Processor Unit (GPU) based parallel
algorithms for MSA using recent algorithmic parameter free
evolutionary  algorithms  Teaching Learning Based
Optimization and JAYA (GPU-PTLBO & GPU-PJAYA)
using mapreduce. This is achieved with the help of Matlab
Parallel Computing Toolbox (PCT) and Distributed
Computing Server (DCS). To speed up calculations and to
solve very large MSA problems in less time DCS and PCT are
useful. Mapreduce in Matlab is achieved with PCT and DCS.
Mapreduce is a concept where the entire dataset is spread over
multiple cores using mapper and the required processing is
done on the dataset in the parallel manner using multiple
matlab sessions and finally the reducer is responsible to sum
up the results of various matlab sessions for the final result.
Each and every matlab session is run on a core in the
multicore system. In this proposed work 16 matlab sessions
are created using all the cores present in the Central
Processing Unit (CPU) and some cores of General Purpose
Graphical Processing Unit (GPGPU). This work is
implemented on GTX Workstation with a 2GB Graphics
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card (GPU) and 48 GB RAM. For this experiment 16 cores
are used because it was observed that the performance is very
good for this configuration. Frame work of proposed
algorithms is depicted in the following figure 1.

________________ Sub Population {Mapper
MATLAB sessionn | phase}

Sub Population
MATLAB session 1

Sub Population
MATLAB session i

Core 1 Core i Coren
Master Slave Slave
Sequence alignment Sequence alignment Sequence align‘ment
on Sub Population by on Sub Population by on Sul? POPU[a“C‘"va
Evolutionary Algorithm Evolutionary Algorithm| Evolutionary Algorithm
Selects the best fitness sequence {Reducer
Mister alignment from all MATLAB sessions Phase}

Fig 1: Multiple sequence alignment on multiple cores with
mapreduce

B. METHODOLOGY OF GPU-PTLBO

GPU-PTLBO with mapreduce is a parallel evolutionary
algorithm based on TLBO which is run on multiple cores. So,
the following steps are repeated for every core.

1. Generate the initial population based upon the
population size [mapper]. Each part of the
population is called as chromosome.

2. Alignment of the given sequences has to be done
based upon the gap positions present in the
population.

3. Calculate the fitness of the population based on one of
the above mentioned fitness functions.

4. For g=1 to no-of-generations repeat the following
steps from 5 to 9.

5. Now the Teacher Phase of TLBO starts. The
chromosome having the best fitness value is
considered as teacher and is designated as “Kieacher”-

6. Mean of the population has to found and it is
designated as “Xmean”.

7. Fori=1to pop-size Xnew has to be calculated with the
following equation.
Xnew=Xi+r(Xteacher-TF.Xmean)). Then find the
fitness of Xnew. If Xnew is better than Xi then
Xi€Xnew. This is the end of the Teacher Phase.

8. Learner Phase

9. fori=1to pop-size, jhasto calculated as j=random
(pop-size) and j#i

10. If Xi better than Xj then Xi,new=Xi+r (Xj-Xi) else
Xi,new=Xi+r(Xi-Xj).

11. If Xi,new better than Xi then Xi< Xi,new. This is the
end of Student Phase.

12. If no-of-generations reached, the best fitness values
from all the cores are collected and among them the
best fitness one is declared as result [reducer].

The process of GPU-PTLBO is pictorially represented in

Flow chart as follows.
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/ Initialize population size, no. of sequences, and no. of generations /
Core 1 Corei Core N
Master .| Slve Slave

1. Generate population using population size,
no. of sequences and no. of generations.
2. Align the sequences as per the population.

1. Generate population using population size, 1. Generate population using population size,
no. of sequences and no. of generations. no. of sequences and no. of generaﬁoné.
2, Align the sequences as per the population. 2. Align the sequences as per the population.

—; —; S

A
.. Find the fitness of all the chromosomes 1. Find the fitness of all the chromosomes 1. Find the fitness of all the chromosomes
. in the population. in the population. in the population.
2.Find the best fitness chromosome and 2, Find the best fitness chromosome and 2. Find the best fitness chromosome and
 Isconsidered as teacher. is considered as teacher. is considered as teacher.
3. Find the mean of the chromosomes. 39, Find the mean of the chromosomes, 3. Find the mean of the chromosomes.
Y l +
Modify the chromosomes based Modify the chromosomes based Modify the chromosomes based
on the teacher and mean. on the teacher and mean. on the teacher and mean.
Xnew=Xi+r(Xteacher-TF.Xmean) Xnew=Xi+r(Xteacher-TF.Xmean) Xnew=Xi+r(Xteacher-TF.Xmean)

no yes no ves no yes
Deny Admit Deny Admit Deny Admit
Xnew Xnew Xnew Xnew Xnew Xnew

Y

Select two random chromosomes Xi and Xj Select two random chromosomes Xi and Xj Select two random chromosomes Xi and XJ
yes yes yes
no no no
Y
Xi,new=Xi+r(Xj-Xi) | | Xi.new=Xi+r(Xi-Xj) Xi,new=Xi+r(Xj-Xi) | | Xinew=Xi+r(xi-Xj) Xi,new=Xi+r(Xj-Xi) || Xi,new=Xi:+r(Xi-Xj)
Deny Admit Deny Admit Deny Admit
Xinew Xi new Xi,new Xi,new Xi,new Xinew

no.of
generations
reached?

no.of
generations
reached?

no. of

generations
reached?

Collect the best fitness values from all the slaves (cores) into master and among them the best fitness chromosome is declared as result]

C. APPLICATION OF GPU-PTLBO ON SELECTED
TEST SEQUENCES

This section explains the
process of GPU-PTLBO in
detail for the selected test
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cases and the intermediate results are shown as follows.

Test Sequences:

ALKRARNTEAARRS
KRRIRRERNKMAAAKSRNRRR
RKRMRNRIAASKSR

The following is the initial population of the sequences using
the population size as 4 is as shown in fig 3 below.

population (i, s,1) =

3 11 = =
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fig 3: Population

As the candidate solution or chromosome provides positions
of the gaps, the alignment with gaps at those positions is as
shown in fig 4.

=3 s cgred € = . = . ALY —

—_—— T — — R AR TEAR RRS
o RREILIR— — RERNNEIM A A B S R TR — ERE
BREC— — — — — R MR R TSASE - — S —E

=T Sl . T o 2D —
—F — T.ETER— — P RN T E i, R R S
HER ORI RRERMEI— A A RS E TR ERE
—— R R MR NNER— L — — F - PSS ELSE

=W S gmEad = . = . =D =

T, B ERnER T E— — — — T TuEr RS
— ECERER L ERERE R TR S F - B ER DT ER R ER
—_—— R —ETER—MERDIER T S F — SEL— S ER
= S cgEal £ = . = . ED —

—— — Fs TR R T Rl T E ST RS
EIER R T R ERE ERDTEL — — LS ERDTTEL — Er— ER

H_E— — RMERMNE— — — T — — SR SE SR

Fig4:Alignment
ANOINET paraer evorutionary argormnim pased on JAYA'1S

also proposed and is as follows. JAYA is a recent
evolutionary optimization algorithm which doesn’t require
any algorithmic specific parameters.

D. METHODOLOGY OF GPU-PJAYA

The steps of GPU-PJAYA are as follows.
1. Initialize population.
2. Calculate the fitness of the population.
3. For generations g=1 to no_of generations repeat the
following steps
4. Discover the best and worst chromosomes.
5. Revise the chromosomes depending on best and worst
chromosomes as follows.
Xnew=Xi+rl(Xbest'|Xi|)'r2(xworst'|xi|)
if fitness of Xpew > X
Add X, to the population in place of X;
otherwise keep Xi as it is.
6. If no_of generations reached, the best fitness values
from all the cores are collected and among them the best
fitness one is declared as result.
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V. EXPERIMENTAL RESULTS

Experiments are conducted on well-known benchmark
datasets from “ox”. GPU-PTLBO (PTLBO) and
GPU-PJAYA (PJAYA) are compared with Parallel DE
(PDE) and Parallel GA (PGA).

A. TERMINATION CRITERIA
The algorithm is run several times with varied no. of
generations and observed at what successive generations the

best fitness is stable. For example from table 2 and graph 1,
after 15 generations the observed best fitness value is 234.

Parallel TLBO SoPs Score based on PAM 250 and time in
ms
Time
PTLBO in milli
S.No | Generations SoP Score seconds
1 1 113 78.09
2 2 113 84.26
3 3 128 103.22
4 4 128 97.98
5 5 165 106.84
6 10 178 138.91
7 15 234 173.51
8 20 234 320.15
9 25 234 241.58
10 30 235 275.75
Table 2: GPU-PTLBO SoPs Score based on PAM 250 and time
required to run in milliseconds.

On the similar way we conducted tests on several datasets

PTLBO SoP Score based on PAM 250 and Time
required to run in milliseconds

350
300
250
200
150
100 ‘

phH—ma BN N

- = wl BN BN
i+ 2 3 4 5 6 7 8 9

10
BN Generations PTLBO Time

SoP Score inmilli
seconds

Graph 1: GPU-PTLBO SoPs Score based on PAM 250 and
time required to run in milliseconds.

and observed that with total initial population 1600 nearly at
25 generations we are getting the optimal performance for
some of the data sets. When the length of the sequences and
no. of sequences are changed this may vary. It is demonstrated
with table 3, graph 2, graph 3, graph 4 and graph 5.
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Genera
s.No tions PTLBO PJAYA PDE PGA SoPs Score based on PAM.ZSO for Dataset
-75 of ox bench using PDE
1 1 113 113 113 113
2 2 113 138 113 113 ;‘:z F!.:.!.!.
3 3 128 151 113 113 140
L
4 4 128 151 113 113 100
5 5 165 151 113 113 80
6 10 178 178 167 113 Eg
7 15 234 178 167 131 2 W‘&
8 20 234 197 167 131 ° f??f 5|6 |7|8|% |10
9 25 234 197 167 131 g Generations | 1| 2 |3 | 4| 5 |10|15| 20|25 |30
el DE 113(113|113(113| 113|167 |167| 167|167 167
10 30 235 197 167 131
Graph 4: SoPs Score based on PAM 250 for Dataset
Table 3: Comparison of SoPs Score based on PAM 250 for Data Set -75 usina PDE different aenerations.
-75 of ox bench
SoPs Score based on PAM for Data set SoPs Score based on PAM 250 for Dataset -75 of
-75 of ox bench using PTLBO ox bench using PGA
250 140
pen S —
200
100
150 80
100 60
40
50 20 7‘#
0*??* 6 (7|8 |9 |10 of??llEE?BBIO
——Generations | 1 | 2 | 2| 4| 5 10|15 |20 |25 |30 el Generations | 1 |2 |3 | 4| 5|10|15|20|25 |30
—— TLBO 113)113/12812 8165 |178/234|234/234/234 —g— G 113/113{113{113113/113/131/131/131/131
Graph 2: SoPs Score based on PAM 250 for Dataset -75 using Graph 5: SoPs Score based on PAM 250 for Dataset -75 using
PTLBO at different generations. PGA different aenerations.
From the above table 3 and graphs it is clear that PTLBO
performs well in finding SS based on PAM 250. The Data
SoPs Score based on PAM 250 for Dataset -75 Set -75 of ox bench is consisting of sequences having the
of ox bench using PJAYA length of 81, 55, 55, 58, and 64. When more no. of sequences
250 are present in the data set PTLBO performance is observed as
better than other techniques.
200
150 Genera-tion PTLB
S.No s O | PJAYA | PDE | PGA
100 1 1 -327 -327 | -301 | -327
2 2 -233 -327 | -194 | -326
0 3 3 -233 -270 | -194 | -201
4 4 -124 -238 | -194 | -287
o M
???f 5/6/7|8|9|10 5 5 -124 -216 | -194 | -287
e Generations | 1 | 2 (3 | 4| 5 (1015|2025 (30 6 10 124 212 100 087
—— IAYA 113(138/151/151151(178/178197|197|197 7 15 1 120 | -100 | 287
Graph 3: SoPs Score based on PAM 250 for Dataset -75 using 8 20 11 -112 | -100 | -221
PJAYA at different generations. 9 25 11 -90 | -100 | -221
10 30 11 -90 | -100 | -221
Table 4: Comparison of SoPs score based on PAM 250 for Data
Set -93 of ox bench
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From the above table 4 it is clear that PTLBO performs well
in finding Similarity Score based on PAM 250. The Data Set
-93 of ox bench is having 10 sequences. From this also it was
proved that when more no. of sequences are present in the
data set PTLBO performance is observed as better than other
techniques.

Genera
S.N - PTLB PD
0 tions O | PJAYA E PGA
1 1 -21 -9 -20 -22
2 2 -21 -9 4 -22
3 3 -10 -9 4 -4
4 4 -10 -9 4 -4
5 5 -10 4 4 -2
6 10 9 4 7 -2
7 15 9 8 7 -2
8 20 9 8 7 -2
9 25 9 30 21 -2
10 30 9 30 21 -2
Table 5 : Comparison of SoPs score based on PAM 250 for

From the above table 5 it is understood that PJAYA
performs well in finding Similarity Score based on PAM 250.
The Data Set -46 of ox bench is consisting of 3 sequences.
From this experiment it was proved that when less no. of
sequences are present in the data set PJAYA performance is
observed as better than other techniques.

B. EXPERIMENTAL RESULTS OF GPU-PTLBO AND
GPU-PJAYA

Experiments are conducted with different objective functions.
The results are provided as follows.

i) VALIDATION USING SIMILARITY SCORE

Candidate solution is a chromosome with maximum fitness
value. The following Table 6 and Graph 6 show the
performance of PTLBO, PJAYA, PDE and PGA based on
Similarity Score (SS). SS is calculated for 22 bench mark
datasets of ox bench and is tabulated in Table 6. For one
example test data set (-4) PTLBO’s score is 125, PJAYA’s
score is 29, PDE’s score is -2 and PGA’s score is -53. It shows

that PTLBO’s performance is better than all other techniques.

ISSN: 2278-3075, Volume-8 Issue-7 May, 2019

Similarity score (SS) using PAM 250 for various bench mark
datasets from ox bench
Nam No. PTLB
gof | of o PJAYA | PDE PGA
the | Sequ with with with with
S. Sequ | ence map map map map
No. ence s reduce reduce reduce reduce
1 -4 7 125 29 -2 -53
2 -8 5 461 251 119 38
3 -9 6 2112 1102 933 742
4 -14 4 172 139 167 133
5 -19 4 79 16 56 -24
6 -34 6 684 544 542 358
7 -41 5 856 461 418 386
8 -46 3 9 30 21 -2
9 -52 4 495 400 304 248
10 -54 3 29 52 50 33
11 -60 3 26 44 52 34
12 -62 4 263 251 207 149
13 -71 3 169 169 164 127
14 -75 5 234 197 167 131
15 -84 3 802 577 632 486
16 -89 4 200 143 177 97
17 -92 7 -72 -64 -121 -278
18 -93 10 11 -90 -100 -221
19 -85 6 504 333 297 91
20 -94 3 538 349 345 349
21 -96 3 213 171 179 158
22 -99 4 364 266 262 197
376.09 244.09 221.3 144.5
Table 6: Similarity Score (SS) usina PAM 250 for various bench mark

The following Table 7 and Graph 7 shows the performance
of PTLBO, PJAYA, PDE and PGA based on Identity Score
(1S). Identity Score is calculated for 22 bench mark datasets of
ox bench and are tabulated in table 7. For one example test
data set (-8) PTLBO’s score is -648, PJAYA’s score is -1982,
PDE’s score is -2106 and PGA’s score is -2261. It is observed
that PTLBO is showing better performance than all the other
techniques.

376.09
244.09
221.32
I I [
- ' o
PTLEC PAY A PDE PG

Granh 6 Averane Similaritv Seore 1:ina PAM 250 for variotis hench
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Graph 7: Average ldentity Score for various bench mark datasets
from ox bench (match= +2, mismatch= -1, gap=-2)
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Identity Score for various bench mark
datasets from ox bench(match= +2, mismatch= -1, gap=-2)
Nam
e PTLB PJAY

of o} A PDE PGA

the No. of with with with with

S. | Sequ Sequ map map map map
No | ence ences reduce | reduce | reduce | reduce
1 -4 7 -3338 -3452 -3488 -3578
2 -8 5 -648 -1982 -2106 -2261
3 -9 6 -636 -920 -1199 -1464
4 -14 4 -648 -630 -649 -664
5 -19 4 -811 -833 -882 -898
6 -34 6 -1322 -1397 -1438 -1642
7 -41 5 -1725 -1930 -1934 -2089
8 -46 3 -326 -319 -321 -336
9 -52 4 -649 -741 -773 -846
10 -54 3 -388 -408 -410 -419
11 -60 3 -313 -290 -308 -327
12 -62 4 -614 -625 -664 -663
13 -71 3 -162 -142 -155 -189
14 -75 5 -1237 -1219 -1257 -1286
15 -84 3 47 52 -60 -118
16 -89 4 -679 -699 -706 -737
17 -92 7 -3282 -3303 -3333 -3600
18 -93 10 -6338 -6522 -6607 -6707
19 -85 6 -1392 -1435 -1495 -1646
20 -94 3 -164 -190 -228 -261
21 -96 3 -318 -351 -357 -403
22 -99 4 -809 -828 -857 -954
-1170. | -1280. -1328. -1413.
5 2 5 1

Table 7: Identiy Score for various bench mark datasets from ox
bench (match= +2, mismatch= -1, gap=-2)

iii) VALIDATION USING SUM OF PAIRS SCORE

The following Table 8 and Graph 8 shows the performance
of PTLBO, PJAYA, PDE and PGA based on Sum of pairs
Score (SoPs). Sum of pairs score is calculated for 20 bench
mark datasets of ox bench. For one example dataset (-46)
PTLBO’s score is 0.617, PJAYA’s score is 0.7446, PDE’s
score is 0.6808 and PGA’s score is 0.5531. For this Sum of
Pairs fitness function PTIAY A’s performance is slightly better
than other techniques.

0533255 054323

0.497175
08 0421145
04
02
0
PTLEC  PIAYA PDE PGA

Graph 8: Average SoPs Score for various bench mark datasets from
ox bench
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SoPs Score for various bench mark datasets from ox bench
Nam PTLB

e of (0] PJAYA PDE PGA

the No. of with with with with

S. | Sequ | Seque map map map map
No | ence nces reduce reduce reduce | reduce
1 -4 7 | 0.1895 0.1812 | 0.1709 | 0.1568
2 -8 5 | 0.3684 0.3147 | 0.3105 | 0.2452
3 -46 6 0.617 0.7446 | 0.6808 | 0.5531
4 -54 4 0.537 0.5555 | 0.5925 | 0.4625
5 -60 4 | 0.5972 0.75 0.638 0.5
6 -62 6 | 0.5188 0.4811 | 0.4386 | 0.4716
7 -71 5 | 0.8301 0.9433 | 0.9056 | 0.6792
8 -75 3 0.303 0.2941 | 0.2755 0.26
9 -76 4 0.708 0.665 | 0.5835 | 0.4838
10 -85 3 | 0.4618 0.4439 | 0.3946 | 0.3288
11 -89 3| 04733 0.48 0.446 | 0.3733
12 -94 4 | 0.6934 0.6532 0.613 | 0.5326
13 -96 3 | 0.6277 0.635 | 0.5547 | 0.5109
14 -99 5 | 0.5745 0.5818 | 0.5454 | 0.4327
15 | 412 3 | 0.5629 0.7019 | 0.6125 | 0.4834
16 | 413 4| 0.3513 0.3659 | 0.3326 | 0.4403
17 | _8t2 7 | 0.4572 0.4505 | 0.3867 | 0.3147
18 | 93 10 | 0.6309 0.5124 | 0.4416 | 0.3499
19 | -108 6 | 0.5676 0.5488 | 0.5037 | 0.4172
20 | -112 3 | 0.5955 0.5617 | 0.5168 | 0.4269
0.5332 0.4971 | 0.4211
55 0.54323 75 45

Table 8: Sum of pairs Score (SoPs) for various bench mark datasets

from ox bench

iv) VALIDATION USING COLUMN SCORE:

The following Table 9 and Graph 9 shows the performance
of PTLBO, PJAYA, PDE and PGA based on Column Score
(SC). Column Score is calculated for 30 bench mark datasets
of ox bench. For one example data set (-99) PTLBO’s score is
0.0382, PJAYA’s score is 0.0382, PDE’s score is 0.0382 and
PGA’s score is 0.0254. In this study, all algorithms are
performed equally well in terms of column score measure. But
in average PTLBO exhibits its superiority in terms of best
score over remaining all algorithms.

0.1

0.0E

006

0.0

0.0z
PDE PGA

PTLBO  PlAYA
Graph 9: Average CS Score for various bench mark datasets from ox
bench

257

Published By:
Blue Eyes Intelligence Engineering
& Sciences Publication

Exploring Innovation



International Journal of Innovative Technology and Exploring Engineering (IJITEE)

Column Score(CS) for various bench mark datasets from ox
bench
No.

Name of PTLB | PJAY PDE PGA

ofthe | Sequ | Owith | Awith with with

S. Seque | ence map map map map
No nce S reduce | reduce | reduce | reduce
1 -4 7 | 0.0076 | 0.0076 | 0.0076 0
2 -8 5| 0.0145 | 0.0145 | 0.0145 | 0.0097
3 -46 6 0.041 | 0.0515 | 0.0515 | 0.0309
4 -54 4 0.037 0.037 0.037 0.037
5 -60 4 0.083 | 0.0925 | 0.0925 | 0.0462
6 -62 6 | 0.0186 | 0.0373 | 0.0373 | 0.0186
7 -71 5| 0.1111 | 0.1527 | 0.1388 | 0.0972
8 -75 3 | 0.0206 | 0.0309 | 0.0206 | 0.0103
9 -76 4 | 0.2542 0.144 | 0.1186 | 0.0847
10 -85 3| 0.0172 | 0.0172 | 0.0172 0
11 -89 3| 0.0392 | 0.0392 | 0.0294 | 0.0098
12 -94 4] 0.1379 | 0.1379 0.131 | 0.0758
13 -96 3 0.062 0.062 0.062 | 0.0413
14 -99 5| 0.0382 | 0.0382 | 0.0382 | 0.0254
15 _4t2 3 0.127 | 0.1568 | 0.1372 | 0.0588
16 _4t3 4 | 0.0338 0.025 0.025 0.008
17 _8t2 7 | 0.1631 0.131 0.121 0.047
18 _9t3 10 | 0.3816 0.19 0.206 0.045
19 -108 6 | 0.0585 0.066 0.05 0.054
20 -112 3 | 0.0838 0.089 0.083 0.059
21 -113 4 | 0.0161 | 0.0161 | 0.0161 | 0.0107
22 -118 4 | 0.0975 | 0.1219 | 0.0975 | 0.0365
23 -119 3 | 0.0669 | 0.0706 | 0.0669 | 0.0446
24 -120 4 | 0.0642 | 0.0642 0.055 | 0.0275
25 -127 3 | 0.0548 | 0.0548 | 0.0548 | 0.0365
26 -130 6 | 0.0094 | 0.0094 | 0.0094 0
27 -145 3| 05144 | 0.3985 | 0.3405 | 0.2173
28 -14 4 | 0.0326 | 0.0326 | 0.0326 | 0.0108
29 -52 4 | 0.0368 | 0.0429 | 0.0368 | 0.0184
30 -84 3| 0.3684 | 0.2763 | 0.2368 | 0.2302
0.0869 | 0.0788 | 0.0463
0.0997 2 3 7
Table 9: Column Score (CS) for various bench mark datasets from

ox bench

C. DISCUSSIONS

Two parallel evolutionary algorithms using two recent
algorithmic specific parameter free algorithms PTLBO,
PJAYA are proposed. Common control parameters like
number of generations is selected by running the algorithm
multiple times, based on the point from which generation the
fittest value doesn’t change. The proposed PTLBO not only
provided results with good accuracy but also yields in a
reduction in computational time. In a nutshell, Similarity
Score is calculated for 22 bench mark datasets of ox bench
and it was observed that out of 22 test data sets, for 17 test
data sets PTLBO performed best whereas PJAYA is best in 3
data sets and PDE is in only one test case. For one data set
PTLBO & PJAYA performed equally well. Average
Similarity Score of PTLBO is significantly very good when
compared with other techniques.

Coming to ldentity Score, PTLBO provided fittest
solutions in 16 different cases, for 6 cases the PJAYA.
Average ldentity Score (IS) of PTLBO is significantly very
good when compared with other techniques. The performance
of the algorithms is studied on 20 bench mark datasets in
terms of sum of pairs score. PTLBO is best in 11 cases in
terms of sum of pairs. For 8 data sets PJAYA showed better
performance. For one data set PDE showed better
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performance. Average Sum of Pairs Score of PJAYA is good
when compared with other techniques. Column Score is
calculated for 30 bench mark datasets of ox bench and it was
observed that out of 30 test data sets, for 13 test data sets
PTLBO & PJAYA performance is equal. For 11 data sets
PJAYA has shown better performance than PTLBO. For 6
data sets PTLBO performed well than PJAYA. For 13
datasets PDE is on par with PJAYA. For one data set only
PGA has shown the same performance as PJAYA. Average
Column Score of PTLBO is significantly very good when
compared with other techniques.

By observing the all fitness functions performance, it was
observed that PTLBO is showing better performance than
PJAY A especially for long length sequences. If the data set is
containing more number of sequences also PTLBO is
showing better performance than -PJAYA. But if the data set
is consisting of less number of sequences and very short
length sequences, then PJAY A is showing better performance
than PTLBO.

VI. DRAWBACKS

The main drawback observed is, Parallel TLBO
(GPU-PTLBO) and Parallel JAYA (GPU-PJAYA) are
consuming more time than Parallel DE and Parallel GA. Even
though they are consuming more time, they are showing
remarkable improvement in the performance and particularly
for Parallel TLBO there is no chance to fall under local
optima. The search space is significantly high compared to
other algorithms.

VII. CONCLUSIONS & FUTURE ENHANCEMENTS

MSA is aimed to align more than two sequences by
inducing gaps at feasible positions for maximum match score.
Being the problem of optimization several solutions are found
using evolutionary algorithms. The success of these
algorithms require more computation time for a reasonable
search space and time will be increased with increased
number and length of sequences.

As a solution the paper propose two new parallel
evolutionary algorithms using two new parallel evolutionary
algorithms using PTLBO and PJAYA. Common control
parameter values are tuned by conducting a pre-processing
step. Experiments are conducted on OX bench mark data set.
The results are evaluated using four different alignment
measures. Significant accuracy in reduced time is observed.

The method can be combined with other
traditional/evolutionary algorithms. In the study the proposed
parallel algorithms GPU-PTLBO & GPU-PJAYA using
mapreduce are proved that they can explore a high search
space in less time by running on multiple cores. Further the
parallel concept can be extended to align the sequences by
dividing them into multiple sub sequences on multiple cores.
Also the research can be directed towards combining
memetic, fuzzy concepts for an improved accuracy and the
algorithms can be enhanced with the concepts like clustering
and cloud.
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