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Abstract: Sequence alignment is a significant facet in the
bio-informatics research field for the molecular sequence
analysis. Arrangement of two biological sequences by maximizing
the similarities between the sequences by incorporating and
adjusting gaps is Pairwise Sequence Alignment (PSA).
Arrangement of multiple sequences is Multiple Sequence
Alignment (MSA). Though Dynamic programming can produce
optimal sequence alignment for PSA it suffers from a problem
when multiple optimal paths are present and trace back is
required. Back tracking becomes complex and it is also not
suitable for MSA. So many meta-heuristic algorithms like Genetic
Algorithm (GA) and Differential Evolutionary Algorithm (DE)
are developed in the recent years to resolve the issue of
optimization. Both GA and DE are used to produce optimal
sequence alignment. But Compared to GA, DE is able to produce
more optimal sequence alignment. To further enhance the
performance of DE a new mutant is proposed by considering best,
worst and a random candidate solution and applied on DE. It is
named as New Differential Evolutionary Algorithm (NDE). By
taking the test sequences from a bench mark data set “prefab4ref”
tests are performed on GA, All DE mutants and NDE and it is
observed that the proposed algorithm NDE outperformed all the
other algorithms.

Keywords: Sequence Alignment, Biological Sequences,
Pairwise Sequence Alignment, Multiple Sequence Alignment,
Genetic Algorithm, Differential Evolutionary Algorithm.

I. INTRODUCTION

Biologica Informatics, in brief Bioinformatics is a
combination of Biology, Computer Science and Information
Technology. Now-a-days it is called as Computational
Biology by many scientists. In order to solve so many
biological problems, Scientists are continuously striving to
design new agorithms [1]. Many bioinformatics tools and
databases were designed and developed by scientists to
analyse the biological data and to store the biological
information. Bioinformatics covers so many areas like
genetics, proteomics etc. One of the most prominent
applications of the Bioinformatics is Sequence Analysis and
Sequence Alignment. Sequence Alignment is mainly for the
determination of analogous regions with in the specified
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biological sequences like nucleotide or protein sequences.
Identifying the analogous areas within the specified
biological sequencesis for the purpose of finding functional
similarity or structural similarity or to evolve evolutionary
relationships among the specified sequences. Sequence
alignment is majorly of two varieties based on number of
sequences: Pair-wise and Multiple Sequence Alignments.
Aligning two biological sequences is called PSA and
Aligning multiple biological sequences is called MSA.
Sequence Alignment is divided into two categories
depending on the type of alignment: Global [2] and Local [3]
Sequence Alignments. Performing sequence alignment on
amino acid sequences is more appropriate than performing
the sequence aignment on nucleotide sequences. It is
because amino acid sequences (protein sequences) consist of
functional and structural information [4]. Many scoring
functions are utilized to find the similarity or identity among
the sequences. When comparing the nucleotide sequences a
simple scoring function called Identity Score (IS), can be
used, where similar nucleotide bases is assigned a positive
score, dissimilar a negative score and for a gap |ess negative
score is assigned. Another Scoring function called Column
Score (CS) can aso be used, in which identical nucleotide
bases are present in a single column a value of ‘1’ is assigned
otherwise a value of ‘0’ is assigned. For protein sequences
another scoring function called Similarity Score (SS) can also
be used along with scoring functions like IS and CS. In SS,
amino acids with analogous physiochemical properties are
assigned a value based substitution matrices like Point
Accepted Mutation (PAM) [5] and BLOcked Substitution
Matrix (BLOSUM) [6]. A variety of PSA techniques are
available to produce best alignment to two given sequences
both local and global. To produce optimal alignment of the
two given sequences, previoudy Dynamic programming was
used. A Dynamic programming algorithm “Smith-Waterman
algorithm” [7] is used for local sequence alignment and
“Needleman-Wunsch algorithm” [8] is used for global
sequence aignment. Both the agorithms suffer from a
drawback specifically when two or many optimal paths are
generated and trace back is needed. Back tracking becomes
complex [9, 10]. So, many scientists tried to use nature
inspired optimization agorithms. Genetic Algorithm (GA) is
an optimization algorithm to solve the problem of sequence
alignment to produce the optima aignment. A multi
objective GA was developed by Taneda for PSA of RNA
sequence alignment [11]. Notredame et.a., developed an
algorithms for the optimal alignment of RNA sequences by
GA caled RAGA and another agorithm Parallel GA
(PRAGA) [12]. Cedric Notredame and Desmond G.
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Higgins developed a package called SAGA: sequence
alignment by genetic algorithm [13] which is useful for
finding globally optimal multiple alignments in reasonable
time. In 1995, R. Storn and K.

V. Price developed an evolutionary algorithm called
Differential Evolutionary Algorithm (DE) [14-16]. The
algorithm consists of two major steps known as mutation and
cross over. Biologicaly, Mutation is an unexpected
modification in the chromosome with respect to gene
characteristics. The crossover operation plays an important
role to improve the potential diversity of the population [17].
Storn and Price specified 5 mutants to perform mutation
operations and 2 types of cross over operations [18-19].
Many scientists used DE to solve the problem of PSA and
MSA. This work recommends an innovative mutant to DE.
The mutant is specified using best, worst chromosomes and a
random chromosome in mutation process from the existing
popul ation to maintain the convergence speed by making best
use of the search space and named as New Differentia
Evolutionary Algorithm (NDE). PSA is done with NDE, GA
and all other DE mutantswith different Fitness functions: SS,
CSand ISand recorded the average fithess scores. In terms of
average fitness scores NDE performed well than all the other
algorithms for al the three fitness functions SS, CS and 1S.
ADE performed well for 34% times with fitness function
“SS”, 39% times with fitness function “CS” and 38% times
with fitness function “IS”. To perform experiments on the
above specified agorithms bench mark datasets from
“prefab4ref” are taken into account. The work is organized in
6 segments. Segment | is introduction. Segment Il explains
Pair-wise Sequence Alignment and Fitness functions.
Segment 111 enlightens proposed DE mutant and Differential
Evolutionary Algorithm. Segment |V demonstrates the
Results and Discussions. Segment V focuses on Limitations
and at the end Segment VI comprises conclusions and future
accomplishments.

. PAIRWISE SEQUENCE ALIGNMENT AND
FITNESSFUNCTIONS

Pair-wise sequence alignment is the problem of aligning
two protein sequences or two  nucleotide sequences by
incorporating gaps at some random positions for maximizing
the similarity in the given two sequences. Major application
of the sequence aignment is to find evolutionary
relationships among the sequences. The subsequent sections
will explain how the sequence alignment can be achieved and
also the scoring functions available to find the fitness values.

A. Alignment of Sequences

To perform pair-wise sequence alignment a test data
set is considered from a bench mark data set prefab4ref.
Figure 1 shows the input test data set, one test sequence
“ItafA” sequence is having the length 66 characters and the
second sequence “la7w” sequence is having the length of 68
characters.

>1tafA
KDAQVIMSILKELNVQEYEPRVVNQLLEFTFRYVTSILDDAKV
YANHARKKTIDLDDVRLATEVTL

>la7w
MELPIAPIGRIIKDAGAERVSDDARITLAKILEEMGRDIASEAI

KLARHAGRKTIKAEDIELAVRRFK
Figure 1: Test Sequences
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For the alignment sequences Gaps are inserted at some
random positions. When the population size is considered as
5 the population is as shown in Figure 2 below. Gaps are
inserted in the test sequences at the specified positions in the
population.

population(:,:,1) =
78 52 41 60 63
51 42 38 74 41
population(:,:,2) =
18 65 12 64 50
75 37 82 42 67
population(:,:,3) =
9 25 22 5 75
77 18 72 76 5
population(:,:,4) =
29 31 3 72 45
69 8 49 32 40
population(:,:,5) =
50 37 19 13
68 11 24 23

23 6 49 36 31 28 58 26
3 23 53 8 70 9 0 O

40 17 61
57 44 65

33 39 56 58 47 28 61 74
16 61 52 6 30 77 0 O

16 73 11
26 10 29

23 78 19 1 52 24 48 10 7 34 15
66 60 14 8 41 48 23 33 70 0 O

6 77 69 37 52 67 17 74 56 58 15
71 36 68 81 35 6 46 47 56 0 O

73 56 76 8 44 55 22 34 61 80 72 58
67 56 22 29 58 12 69 41 76 49 0 O
Figure 2: Population

Figure 3isthe sample alignment of thetwo input test
sequences.
KDAQV-IMS-I--LKELN---VQEY-EPRVVNQLLEF-TFR-YVT-SILDD-AKVYANHARKK--TIDLD-DVRLATEV-TL
MELPIAPIG-RIIKDAGAE-----RVSDDARITLAKI-LEEMG-RDIASEA-IKL-AR-HA-GRKTIKAED-IELAVRR-FK
Figure 3: Alignment of Sequences
FitnessFunctions
Many fitness functions or objective functions can be used
to calculate the scores while performing sequence alignment.
They are Identity Score, Similarity Score and Column Score.

I dentity Score (IS):

Z Score(Xch, Xab) (1)

b=1le=1la=c+1

Where

Score(Xch, Xab) =
match if Xeb = Xab and Xcb ' =" and Xab z'-"  (2)
gapif Xeb =" —"or Xabj =" -
mismatch if Xeb = Xab
where *-' means a gap; match is given value of ‘+2’ , gap is

given value of ‘-2° and mismatch is given value of *-1°.

Similarity Score(SS)
P g-1

S8 = ZZ Z Score(Xch,Xab)

=le=1la=ec+1

(3)

where

Score(Xch,Xab)=

[match if Xcb=Xaband Xch+' ' andXab+'-'  (4)
gapif Xch="-"or Xab='-'

where similarity scoreis generated depending on PAM score
matrix or BLOSUM score matrix and gap=0.
Column Score (CS):

Q

cs = Z Ca (5)
a=1

If al the nugl eotide residues or amino acids in the a column
are aligned after sequence alignment then Ca=1 otherwise
Ca=0
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I11. PROPOSED DE MUTANT

By the inspiration of development of new optimization
algorithms to generate more optimal alignment a new
algorithm called New Differential Evolutionary algorithm
(NDE) was proposed built on a new DE mutant. NDE is
explained in the next sub section.

A. DE Mutant

The proposed DE mutant is as shown below and is named
as NDE.

Yk6=Ur1,+p(Ub,c-Uk,c)+q(Uwc-Ukc)  (6)

where Upg is best fit chromosome, Uwgc is worst fit
chromosome, Uk the present chromosome, Unig is the
random chromosome considered from the current population
with random number rl, Y is the newly generated
chromosome and p and q are two random numbers between 0

and 1.

B. Differential Evolutionary Algorithm

1. Control parameters popul ation size (S), scalefactor (F) and
cross-over rate (Cr) isto beinitialized.
2. Based on population size initialize popul ation.
3. Repeat the successive steps until the stated number of
generations is completed.
Fori=1to S
4. Find the fitness of every chromosome in the population
with afitness function.
5. Mutation: In mutation the variance of two vectorsis added
to the third vector.

Vic+ = X + F(Xi26 — Xi36)
where F isthe mutation factor. It is between 0 and 1.
6. Crossover: In crossover find atrial vector Pig for the i
target vector Qi by applying binomial crossover.
7. Selection: Assesstrial vector P g

if f(Pg)<f(Qg) then Qc1=Pic

International Journal of Engineering and Advanced Technology (IJEAT)
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end for

IV. RESULTSAND DISCUSSIONS

The performance of proposed algorithm “NDE” is
examined using three different fitness functions like SS, CS,
and IS. To evaluate the performance the proposed algorithm
is compared with al DE mutants DE/randl, DE/bestl,
DE/rand2, DE/best2, DE/current-to-bestl and GA. In this
work, al the above specified algorithms are implemented in
MATLAB and checked on the System with Intel’s i3
processor with 4 Giga Byte RAM with 3.70 GHz and
Windows 8.1 Operating System. Tests are conducted for
pairwise sequence alignment using bench mark data sets
available in prefabdref.

A. PSA Using Similarity Score

Similarity Scores of the NDE, DE with all its mutants and
GA is calculated using prefabdref bench mark data sets. 56
data sets are considered to find Similarity Score for al the
above specified algorithms. Average Similarity Scores are
presented in table 1 as demonstrated below.

else Qe =Qic
end if
Table 1: Performance Comparison for PSA based on Average Similarity Scores
DE/
Name of the DE/ DE/ DE/ DE/ current-
S.No Sequences GA randl bestl rand2 best2 to-bestl NDE
1 | 1d2zA-ldz 43.2 419 39.8 36.2 39 358 43.7
2 | 1a3aA-1a6jA 58 76.5 79.8 70.6 79.2 61.6 72
3 | 1la3k-1cllA 122 50.9 49.2 44.6 43.8 384 59.2
4 | 1a3k-1lcl 30 87.9 95.8 92.8 82.4 105.8 914
5 | 1abm-lash 17.1 20.5 22.6 144 20.4 24 19.8
6 | 1abm-1cg5B 35.1 54.1 57 46.2 49.8 59.6 52.1
7 | labm-lewaA -13.9 13.2 23.2 33 29 19.2 27.6
8 | 1abm-1fIP 49.2 36.1 37.6 32 33.6 30.6 32.8
9 | 1abm-1h97A 68.9 63.9 66.4 49.4 60.2 67.8 713
10 | 1a6m-1hlb 76.4 55.2 47.8 55.6 61.4 50.4 50.8
Retrieval Number: B3136129219/20190©BEIESP Published By:

DOI: 10.35940/ijeat.B3136.129219
Journal Website: www.ijeat.org

447

Blue Eyes Intelligence Engineering

& Sciences Publication

Exploring Innovation



http://www.ijeat.org/

Pairwise Sequence Alignment by Differential Evolutionary Algorithm with New Mutation Strategy

11 | 1s6m-lithA 9 303 35.4 334 35.6 36.4 313
12 | 1s6m-2fal 373 61.2 65.6 53.6 54.8 78 55.7
13 | 186m-2gdm 30.7 51.6 104.4 81 79 86.2 50.9
14 | 1a6m-2hbg 39.4 67.9 75.2 66.8 78.6 81.2 66.9
15 | 1a6m-2vhbA 134 363 332 316 31 29 38.6
16 | 186m-3sdhA 40.4 49.3 48.6 39.8 484 484 50.8
17 | 1a7tA-1smlA -12.8 13.4 13.4 16.6 20.2 9.4 227
18 | 1a0iA-larw 6.1 331 338 378 348 30 34.3
19 | 1a0iB-1a7w 29.4 40.3 35 30.8 29.8 328 40.6
20 | 1a7w-10b67B 144.8 160.8 179.2 148.4 161.6 154 153.6
21 | la7w-1bhoB 14.8 28 27 216 25.4 222 28.1
22 | 1itafA-larw 36.7 50.5 58.2 46.6 55.8 50.8 52.7
23 | larw-1tafB 439 61 776 56.2 56.6 56.8 61.1
24 | 1a8l-1hyuA 85 47.2 45 35.8 54.4 37 51.3
25 | 1a9nA-1ldceA 16.6 208 18.8 20 19 20 218
26 | 1a44-1qouB -26.8 153 9 6.4 12.6 8.4 19.6
27 | 1a53-1dvjA -22.9 14.9 58 11.8 11.2 22 20.7
28 | 1a62-1mjc 11.1 24.4 19.8 212 253 253 25.4
29 | 1a75A-1b8cB 1525 216 251.2 2134 211.8 220.4 219.9
30 | laba-1h75A 23.9 59.9 60.6 60.4 50.6 49.4 57.6
31 | laba-lkte 23.2 324 318 26.8 31.2 254 334
32 | 1aba1gfnA 193 487 54.6 40 452 38 471
33 | 1aba-3grx 17.7 54.4 494 48 52.6 45.6 54.8
34 | laerA-laerB 386.9 186.8 233 198.2 227.8 240.6 177.7
35 | lagdB-liakA 89.8 122.3 145.6 111.2 117.8 110 122.7
36 | laggA-lvpfA -18.8 11.5 11.8 5.4 1.2 12.8 10.6
37 | 1ahl-1cid -13.6 -1.1 -9 -84 -104 -1.4 -8.1
38 | 1ahl-1f97A 75 10.7 11.4 6.4 11.2 76 6.6
39 | 1ah1-1kb5B -12.6 -5 -36 -11.6 -86 -104 1.7
40 | 1ahl-1gfoA -45 41 44 08 6.8 6.2 75
41 | lahl-1tlk 3.8 7.2 26 -1.8 -1.4 28 5.3
42 | 1ah1-2ncm -9 6.3 17 17.2 8.8 174 26
43 | 15jgA-1cp9A 119.8 182.2 4434 202.2 2146 2202 191.2
44 | 1alu-1bge 95 2.7 46.8 36 40.6 51.6 46.7
45 | lau-lent3 22.3 284 334 25.6 25.8 25.8 275
46 | 1alu-lilrB 58.5 82.3 284 34.8 26.4 27.8 79.4
47 | laly-1d4rB 84.4 107.3 117.8 81 90.2 91.2 95.9
48 | laly-1dyoA 17.5 17.8 20.2 6 16 76 20.2
49 | lay-2tnfA 54.9 81 107 75.6 9.8 86 82.2
50 | lam7A-31zt -22.4 -5 -10.2 -11.6 9.2 -76 -9
51 | lan8-law7A -4.9 134 274 132 8.4 18.6 13.6
52 | 1an8-lewdA 105 67 64 69 75.8 67.4 67.3
53 | 1an8-1f77B 68.5 99.4 125.4 87.8 75.4 95.6 96.2
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54 | laohA-lanu 191 234.7 242.2 200 220 207.6 2304
55 | laohA-1glkB 152.1 139.5 144.4 135.8 144.8 164.6 135.1
56 | laoiA-1bhoB 314 38.1 27 264 32 344 38.2

above specified algorithms. Average Column Scores are

B. PSA Using Column Score presented in tables 2 as demonstrated below.

Column Scores of the NDE, DE with all its mutants
and GA is calculated using prefab4ref bench mark data sets.
56 data sets are considered to find Column Score for al the

Table 2: Performance Comparison for PSA based on Average Column Scores
DE/
Name of the DE/ DE/ DE/ DE/ current-
S.No Sequences GA randl bestl rand2 best2 to-bestl NDE
1 | 1d2zA-laz 113 14.2 13.8 13.8 134 135 13.9
2 | 1a3aA-1a6jA 229 25.7 255 24.5 253 24.1 26.1
3 | 1a3k-1cllA 175 20.2 20.1 18.9 19.7 18.7 19.8
4 | 1a3k-1lcl 20.5 24.8 24.4 23.8 239 24.3 24.5
5 | 1labm-lash 20.1 19.6 19.1 194 18.7 18.2 18.8
6 | 1abm-1cg5SB 20.9 22.8 22.1 217 21.7 21.6 22.9
7 | labm-lewaA 141 16.1 15.6 16.2 16.2 15.5 16.3
8 | 1abm-1fIP 171 20 20.6 19.3 19.8 205 19.6
9 | 1labm-1h97A 19.1 23.8 24.1 23 24.1 23.6 245
10 | 1abm-1hlb 16.9 18.7 185 18 18.4 18.1 18.8
11 | labm-1ithA 15.7 18 18 18.1 18.5 18.1 17.9
12 | labm-2fa 25.1 23.7 274 26.7 26.6 27.7 26
13 | labm-2gdm 218 22.8 22.7 22.7 221 225 23
14 | 1abm-2hbg 21.1 23.6 24.3 22.5 24.1 24.7 23.8
15 | labm-2vhbA 19.7 21.6 20.4 20.5 20.4 20 20.6
16 | labm-3sdhA 184 19.5 19.8 19.1 19.3 19.6 19.9
17 | lartA-1smlA 18.3 22.1 21.6 21 21.6 22.1 22.2
18 | 1a0iA-larw 13 154 144 13.3 144 14.3 14.5
19 | 1a0iB-larw 128 13 133 12.7 128 126 13.9
20 | 1la7w-1b67B 29.8 374 42.5 35.1 38 36.7 35.9
21 | la7w-1bhoB 7.8 10.5 9.8 10.8 10.2 10.1 11.6
22 | ltafA-larw 141 15.2 16.2 14.9 15.7 155 15.3
23 | larw-1tafB 11.6 149 16.3 14.4 151 14.2 15.1
24 | 1a8l-1hyuA 22.2 27.2 27.5 25.9 26.9 264 28.2
25 | 1a9nA-1dceA 17.2 184 17.3 17.2 17.8 17.3 18.9
26 | 1a44-1qouB 15.8 19.8 194 19.2 19.8 19.6 19.9
27 | 1ab3-1dvjA 18.1 22.4 22.9 22.2 22.5 22.3 224
28 | 1ab2-1mjc 11.3 11.7 115 11 11.7 11.8 12
29 | 1a75A-1b8cB 40.3 51.1 53 48.5 50.7 49 49.4
30 | laba-1h75A 10 13.7 14.5 13.8 14 13.6 14.2
31 | laba-lkte 15 14.9 14.2 14 14.1 14.2 14.5
32 | labalgfnA 12 14.6 15.7 13.2 15.3 133 14.2
33 | laba-3grx 13.6 159 15.8 14.7 15.6 14.6 15.3
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34 | laerA-laerB 78.6 63.25 66.9 59.6 65.8 68.5 61.4
35 | lagdB-ligkA 19.9 21.2 21.7 20.1 21.3 21.3 20.9
36 | laggA-1vpfA 8.8 11.1 11.1 10.6 11 10.4 11.2
37 | 1ahl-icid 14.1 15.9 15.6 15.2 14.7 14.9 16.2
38 | 1ahl-1f97A 14.7 17.3 17.2 17 17.1 16.7 17.7
39 | lahl-1kb5B 11 14.1 134 134 13.1 13.5 134
40 | lahl-1gfoA 11.2 14.2 14.9 14 14.41 14.8 14.3
41 | 1ahl-1tik 10.8 13.3 13.1 12.7 13.1 12.8 135
42 | 1ahl-2ncm 11.6 13.1 13.1 12.6 12.9 12.9 13.3
43 | 1agA-1cp9A 66.8 534 56.1 50.7 53.6 57.6 53.2
44 | 1alu-1bgc 18.3 22.3 22.4 21.8 22.1 22.7 23
45 | lalu-lent3 18.4 18.7 19.2 18.3 19.1 19.6 18.8
46 | lalu-lilrB 17.5 251 254 24.2 244 245 26
47 | 1aly-1d4rB 20.4 28.3 26.9 259 26.2 254 26.6
48 | 1laly-1dyoA 15.8 18.2 18.3 174 17.9 174 18.4
49 | 1aly-2tnfA 194 25.6 25 24.8 251 254 24
50 | lam7A-31zt 13.1 175 16.8 17.3 16.8 16.6 17.2
51 | lan8-law7A 24.2 24.3 239 234 239 24.1 23.7
52 | lan8-leudA 29.3 31.6 30.3 28.9 30 30.6 31.2
53 | 1an8-1f77B 274 34 34.2 33 32.9 32.7 334
54 | laohA-lanu 44.9 52.1 55.2 48.6 51.5 50.8 53.8
55 | laohA-1g1kB 28.9 285 29.1 274 29 30.5 29.2
56 | laoiA-1bh9B 115 13.1 12.8 12.3 12.4 12.8 12.6

above specified algorithms. Average ldentity Scores are

C. PSA Using I dentity Score presented in tables 3 as demonstrated below.

Identity Scores of the NDE, DE with al its mutants
and GA is calculated using prefab4ref bench mark data sets.
56 data sets are considered to find Identity Score for all the

Table 3:Performance Comparison for PSA based on Average | dentity Score
DE/
Name of the DE/ DE/ DE/ current-
S.No Sequences GA DE best1l rand2 best2 to-bestl NDE
1 | 1d2zA-1dz -138.3 -128.4 -129.5 -131.8 -129.7 -131.1 -128.2
2 | 1a3aA-1a6jA -1554 -154 -152.6 -154.7 -151.9 -155 -151.3
3 | 1la3k-1cllA -174.5 -159.2 -162.1 -165 -162.8 -163.1 -161.1
4 | 1a3k-1cl -156.2 -142.2 -143.3 -146.6 -144.9 -144.3 -140.8
5 | 1abm-lash -1904 -189.1 -189.5 -191.6 -187.9 -187.9 -187.8
6 | 1abm-1cg5B -187 -176.8 -176.5 -181.4 -180.4 -175.2 -177.2
7 | labm-lewaA -208.4 -202 -202.3 -205.2 -204.5 -203.8 -201.9
8 | 1abm-1fIP -196 -186.4 -186.3 -186.7 -190.5 -187.5 -186.1
9 | 1a6m-1h97A -178.6 -170.1 -1674 -174.8 -172.9 -170.8 -173.8
10 | 1a6m-1hlb -184.1 -182.9 -183.8 -184.2 -185.8 -183 -1814
11 | 1abm-1ithA -197.2 -188.7 -193 -192.5 -189.1 -190 -188.1
12 | 1abm-2fa -170.1 -162.4 -161 -163 -160.4 -153.5 -160.6
13 | 1abm-2gdm -179.3 -170.6 -177 -172 -170.7 -169.9 -169.5
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14 | 1abm-2hbg -189.9 -172.2 -178 -174.5 -174.5 -171.2 -175
15 | labm-2vhbA -194.2 -186.9 -196 -192.4 -189.9 -1914 -188.2
16 | labm-3sdhA -193.7 -186 -192 -189.3 -188.5 -187 -188.8
17 | 1artA-1smlA -325.1 -311.1 -320 -313.5 -3134 -312.9 -312.6
18 | 1a0iA-larw -139.2 -129.1 -135 -130.6 -130.2 -129.9 -127.9
19 | 1a0iB-larw -107.4 -100.4 -102 -100.9 -99.1 -100.7 -101.3
20 | la7w-1b67B -12.5 3.7 7 -3.5 54 52 25
21 | 1a7w-1bh9B -127 -121.2 -126 -123 -123.7 -123.8 -120.4
22 | ltafA-larw -64.6 -55.8 -50.4 -60.1 -56.8 -56.5 -58
23 | larw-1tafB -73.7 -58.6 -54.2 -62.4 -59.6 -61.9 -60.1
24 | 1a8l-1hyuA -300.1 -295.1 -293.9 -297.3 -295.9 -294.5 -293.8
25 | 1a9nA-1dceA -234.3 -228 -230.8 -260.5 -229.9 -230.9 -225.9
26 | la44-1qouB -265.6 -259 259.3 -258.5 -257.7 -260.4 -256.6
27 | 1&53-1dvjA -371.4 -365.9 -371.3 -368.2 -369.1 -365.8 -366.2
28 | 1a62-1mjc -213.8 -203.9 -207 -206.2 -205.1 -207.9 -204.7
29 | 1&75A-1b8cB -12.6 -16.1 -5.3 -25.3 -184 -16.5 -16.4
30 | laba-1h75A -103.9 -101 -102.3 -105.5 -96 -100 -99.7
31 | laba-lkte -134 -131.3 -132.6 -134.1 -132.5 -134.7 -129.3
32 | laba-1lgfnA -102.1 -93 -93.2 -974 -95.3 -98.5 -93.9
33 | laba-3grx -100.1 -90.2 -90.1 -94.2 -924 934 -89.9
34 | laerA-laerB -114.9 -145.4 -110.7 -145.2 -117.8 -124.2 -137.7
35 | lagdB-ligkA -91.2 -88.7 -85.7 -93.7 -92 -89.2 -91.9
36 | laggA-1vpfA -115.1 -117.6 -116.3 -117.9 -1184 -116.2 -116.2
37 | 1ahl-icid -274.5 -267.9 -269.6 -269.3 -269.5 -269.3 -265.8
38 | 1ahl-1f97A -333 -330.5 -333.1 -333.8 -333.6 -332.9 -331.6
39 | 1ah1-1kb5B -170.3 -166.5 -167.9 -169.7 -170 -170.2 -167
40 | 1shl-1gfoA -172 -165.5 -166.7 -168.5 -165.5 -165.1 -167.8
41 | 1shl-1tlk -186.9 -180.6 -183.8 -185.6 -183.5 -184.8 -182.6
42 | 1ahl-2ncm -192.4 -183.2 -187.3 -187.6 -188 -189 -186.7
43 | 1ggA-1cp9A -141.9 -168.7 -152.6 -178.7 158.3 -153.2 -163.1
44 | 1alu-1bgc -201.1 -191.1 -188.2 -191.8 -188.4 -186.5 -190.2
45 | lalu-lent3 -207.7 -210.2 -209.3 -208.7 -209.2 -206.8 -207.6
46 | 1alu-1ilrB -1814 -170.8 -169 -173.1 -171.4 -170.6 -170.4
47 | 1aly-1d4rB -178.4 -172.1 -157.2 -159.3 -157.4 -160 -168.5
48 | 1laly-1dyoA -203.4 -193.1 -195.8 -198.2 -198.3 -197.6 -195.3
49 | 1aly-2tnfA -169.5 -154.6 -157.1 -159.4 -159.5 -160.6 -154.1
50 | lam7A-31zt -216.1 -208.7 -208.8 -211.9 -211.5 -211 -209.8
51 | lan8-law7A -272.2 -265.2 -265.3 -267.4 -267.1 -265.4 -264.3
52 | lan8-1eudA -243.9 -237.1 -237.1 -244.2 -240.9 -242.6 -237.9
53 | 1an8-1f77B -247 -238.2 -228.4 -233.3 -227.2 -227.3 -2354
54 | laohA-lanu -70.8 -60.9 -65.4 -73.1 -735 -71.4 -71.3
55 | laohA-1glkB -155.7 -140.4 -138.7 -144.2 -140.9 -135.6 -142
56 | laoiA-1bhoB -122.7 -118.3 -119.7 -120.1 -119.9 -120.3 -116.9

D. Ddiscussions

NDE, DE with all mutants and GA are applied on 56 bench
mark data sets available in prefabdref and calculated the
Average Similarity Scores of the respected data sets and
tabulated in Table 1. It is observed that NDE performed better
than all the other DE mutants and GA. NDE has shown better
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performance 19 times among 56 test cases. i.e., 34% times
NDE is showing better performance. Frequency of best
performance for PSA based on Average Similarity Scoresis
shown in Table 4 and depicted
Graph 1.
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Table 5: Frequency of best
performance for PSA based on
Average Column Scores

NDE, DE with all mutantsand GA are applied on 56 bench
mark data sets available in prefabdref and calculated the
Average ldentity Scores of the respected data sets and
tabulated in Table 3. It is observed that NDE performed better
than al the other DE mutants and GA. NDE has shown better
performance 21 times among 56 test cases. i.e., 38% times

GA 4 NDE is showing better performance. Frequency of best
- performance for PSA based on Average Identity Scores is
DE/rand1 13 shown in Table 6 and depicted Graph 3.
DE/bestl 10
DE/rand2 0 Table 6: Frequency of best performance for PSA
DE/best? 2 based on Average | dentity Scores
DE/current-to-best1 4 GA 2
NDE 22 DE/rand1 13
m DE/best1 10
Table 4: Frequency of best performance for PSA DE/rand2
based on Average Similarity Scores DE/best2
GA 3 DE/current-to-bestl
DE/randl 4 NDE 21
DE/best1 18
DE/rand2 Graph 3: Frequency of best performance for
PSA based on Average ldentity Scores
DE/best2
NDE
DE/current-to-best1 DE/current-to-best1
NDE 19 DE/best2
DE/rand2
DE/best1
Graph 1: Frequency of best performance for DE/rand1
PSA based on Average Similarity Scores A
NDE 19
DE/current-to-best1 9 In general Average Fitnessvaluesare considered for all the
DE/best2 7 opti mizatior) algorithms. In thi_s work the pgi r-wise sequence
DE/rand2 5 alignment is performed using three fitness functions:
DE/best Similarity Score, Column Score and Identity Score. When
fbes 18 pair-wise sequence aignment is done using Similarity Score
DE/rand1 4 fitness function on 56 test cases, 34% times the proposed
GA 3 agorithm NDE performed well for Average Similarity

NDE, DE with al mutants and GA are applied on 56
bench mark data sets available in prefab4ref and calculated
the Average Column Scores of the respected data sets and
tabulated in Table 2. It is observed that NDE outperformed all
the other algorithms. NDE has shown better performance 22
times among 56 times. i.e, NDE has shown better
performance 39% times. Frequency of best performance for
PSA based on Average Column Scores is shown in Table 5
and depicted in Graph 2.

Graph 2: Frequency of best performance for
PSA based on Average Column Scores

NDE
DE/current-to-best1
DE/best2

DE/rand2
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Scores. In case of Column Score fitness function also NDE
performed well 39% times for Average Column Score. In
case of Identity Score fitness function also NDE performed
well 38% times for Average ldentity Score.

V. LIMITATIONS

Thiswork ison PSA only. All experiments are conducted
by considering only two sequences and a maximum length of
300 characters. If it isapplied on multiple sequences and long
length sequences may be it consumes more execution times.
The work can also be extended to MSA.

VI. CONCLUSIONSAND FUTURE
ACCOMPLISHMENTS

In computational biology sequence alignment is having
many applications. Alignment of two biological sequencesis
known as PSA and alignment of three or more biologica
sequences is known as MSA. Initiadly the alignment of
sequences is done manually.
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Later Dynamic Programming was used. It is realy
capable of producing optimal alignment. But when two are
more optimal paths are produced trace back isrequired. Then
back tracking becomes cumbersome. Then scientists tried to
use nature inspired optimization algorithms to solve the
problem of sequence alignment. GA is one such algorithm
which isused to solve the problem of sequence alignment and
is able to produce optimal alignment. Later another
optimization algorithm DE came into existence and it a real
parameter optimization method with few control parameters.
Thetwo major steps of DE are mutation and cross over. Storn
and Price proposed 5 mutants to perform mutation operation
and 2 cross over operators.

This paper proposes a new DE mutant and its performance
is checked by making use test sequences from familiar bench
mark data set called “prefabdref” Tests are conducted on GA,
All DE mutants and the proposed DE mutant. Three objective
functions or fitness functions are used to caculate the
performance of al the above specified agorithms.

The proposed algorithm “New Differential Evolutionary
Algorithm” outperformed all the other algorithms. This study
is done on PSA. Later this can be extended to MSA. In this
paper three fitness functions IS, SS and CS are chosen to
evaluate the performance. There are so many other fitness
functions. So, the work may be extended with other fitness
functions also. To further improve the performance with
respect to time parallelization can be applied on the above
algorithms
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